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ABSTRACT 

Within the past few decades, methodolegists have made major advances in 

statistical methods for the analysis of change using longitudinal panel data, particularly in 

the area of modeling individual differences (Bryk & Raudenbush, 1987; Collins & Horn, 

1991; Rogosa, 1991; Willett«S: Saver, 1994; Willett, Singer, & Martin, 1998). These 

advances have made it possible for researchers to measure change and the correlates of 

change in ways that were not thought possible a few decades ago. These improvements 

should allow researchers to make stronger and more informed inferences regarding 

change over time. Despite the improvements individual growth modeling methods 

represent for the analysis of change, it remains unclear as to their adequacy for informing 

about individual differences with respect to change. The purpose of the present study was 

to directly compare three general classes of individual growth modeling strategies with 

each other and with two commonly used traditional fixed effects models of change in 

order to assess (a) the conclusions that can be drawn about change in general and about 

individual differences in change in pzirticular; and (b) the robustness or stability of these 

various data analytic strategies. 
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INTRODUCTION 

Within the past few decades, methodologists have made major advances in 

statistical methods for the analysis of change using longitudinal panel data, particularly in 

the area of modeling individual differences (Bryk & Raudenbush, 1987; Collins & Horn, 

1991; Rogosa, 1991; Willett & Sayer, 1994; Willett, Singer, & Martin, 1998). These 

advances have made it possible for researchers to measure change and the correlates of 

change in ways that were not thought possible a few decades ago. Specifically, individual 

growth modeling, which subsumes a variety of methods including individual growth 

curves, latent growth curve analysis and hierarchical linear models, have made it possible 

to assess both individual differences in change as well as group level differences. The 

ability to assess individual differences in growth is a significant improvement over the 

methods traditionally used for measuring change (e.g. Repeated Measures ANOVA, 

ANCOVA, etc.), which are not suited for modeling individual differences in change 

(Curran & Muthen, 1996; Rogosa et al.. 1982; Rogosa, 1991; Willett ei al.. 1998). 

Individual growth modeling provides great improvements over the traditional methods in 

addressing complex questions with respect to growth over time, particularly when applied 

to the assessment of longitudinal change (Curran & Muthen, 1996; Rogosa et al., 1982; 

Willett et al., 1998). These improvements should allow researchers to make stronger and 

more informed inferences regarding change over time. 

Despite the improvements individual growth modeling methods represent for the 

analysis of change, it remains unclear as to their adequacy for informing about individual 
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differences with respect to change. For example, Rogosa (1991) questions the validity of 

the statistical assumptions underlying various individual growth modeling approaches 

with respect to individual differences in change, particularly in light of the theoretically 

important aspects of change in which social scientists are generally interested. He argues 

that the most useful methods for the analysis of individual differences in change model 

the individual history with individual growth curves as a starting point. He considers the 

hierarchical linear modeling (HLM) and latent growth modeling approaches to analyzing 

individual differences in change to be antithetical to this simple approach. According to 

Rogosa (1991), HLM procedures promulgate the myth that the average growth curve 

informs about individual growth. With respect to the latent growth modeling approach, he 

argues that analyses of relationships among variables are "fundamentally inadequate" 

because they do not address the individual level processes that generated the data. 

Furthermore, he notes that "the parameters estimated in the standard structural equation 

model application have little or no relevance to the parameters of interest (i.e. those 

defined by useful longitudinal research questions)" (p. 41). He adds that the main 

problem with the latent growth modeling approach is not in the methods of parameter 

estimation, but in the "meaninglessness" of the parameters being estimated, thus 

questioning the logic of the application of such methods to the analysis of individual 

differences in change. 

Although Rogosa's criticisms were leveled almost a decade ago, there have been 

few. if any empirical studies that have focused on direct examination of these criticisms. 

A good number of studies have appeared recently illustrating the use of one of these 
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individual growth modeling techniques, but few studies exist in which these methods are 

directly compared. Even fewer (if any) studies exist in which these methods have been 

compared on the basis of the validity of the conclusions that can be made about change in 

general, and about individual differences in that change in particular. The purpose of the 

present study was to directly compare three general classes of individual growth 

modeling strategies with each other and with two commonly used traditional fixed effects 

models of change in order to assess (a) the conclusions that can be drawn about change in 

general and about individual differences in change in particular; and (b) the robustness of 

these various data analytic strategies in light of missing data. Furthermore, these 

comparisons were made in the context of two general categories of questions about 

change tliat are prominent within the social science literature: change associated with an 

intervention, and change associated with naturally occurring developmental processes 

(Raykov, 1991). The purpose of these comparisons is to assist researchers when planning 

longitudinal studies, in the selection of the optimal data analytic strategy for addressing 

their questions regarding change. 

Background and Significance 

The issues addressed in (a) above might best be summarized as issues with 

respect to the validity of the application of a particular statistical method, while those in 

(b) address robustness, defined in the present study as the utility of a method under a 

variety of data conditions that violate the statistical assumptions on which the analytic 

method is based. Issues with respect to the validity of the application of these approaches 
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to analyzing individual differences in change will first be of focus, followed by issues 

regcirding robustness. 

Individual Growth Modeling versus Traditional Approaches: Validity 

The validity of the application of a statistical approach is based on the validity of 

the underlying statistical assumptions of that approach with respect to the phenomena of 

interest. When that phenomenon is change, the validity of the application depends on the 

statistical assumptions regarding change on which that approach is based. The traditional 

analytic approaches to the assessment of change over time include univariate and 

multivariate analysis of variance, univariate and multivariate analysis of covariance, and 

auto-regressive and cross-lagged multiple regression techniques (Curran & Muthen, 

1996; Lawrence & Hancock. 1998; Rogosa, 1991). The appropriate use of these methods 

relies on a set of rather restrictive statistical assumptions with respect to change that 

many researchers regard as untenable for a wide range of phenomena of interest to social 

scientists. These statistical assumptions seem to reflect two basic premises regarding 

change: (I) that individuals grow or change at the same rate, and (2) change is an 

increment or a discrete event (Rogosa et al, 1982; Willett & Singer, 1998). 

With respect to the first assumption, traditional analytic approaches are restricted 

by statistical assumptions based on the notion that all individuals grow at the same rate, a 

premise that is not consistent with either intuition nor scientific theories regarding 

change. For example, the sphericity assumption underlying Repeated Measures ANOVA 

is based on the premise that individuals' positions relative to each other across different 

time points remain the same, that correlations between scores at different times are 
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identical, and that the variance of scores across time do not fluctuate (Girden, 1992; 

Lawrence & Hancock, 1998). Thus the variances of all the combinations of pairs of 

scores at different time points are assumed to be homogeneous (Girden. 1992). Theory 

and empirical demonstrations assessing individual differences in change suggest, 

however, that the sphericity assumption is often tenuous at best. Thus the sphericity 

assumption can lead to misleading results regarding individual differences in change as 

well as the predictors of change (Rogosa, 1991). 

Another way in which the traditional analytic approaches reflect the assumption 

that all individuals are expected to change at the same rate is the statistical treatment of 

change as a fixed effect. This is accomplished by relegating any individual differences in 

initial status or rate of change to the error term, which is not of interest to the researcher 

using these traditional models. For example, with Repeated Measures ANOVA, the 

Subject X Time interaction (an index of individual differences in change) is assigned to 

the error term. Rather than focusing on indices of individual differences, statistical 

procedures associated with the fixed effects models focus on the comparison of mean 

rates of change and ignore the variability about these means, reflecting the assumption 

that individual differences are uninteresting error variance. In contrast, the individual 

growth modeling techniques explicitly model variability in the parameters measuring 

change, treating these sources of variance as phenomena of interest to be modeled and 

explained. Furthermore, because data is aggregated at the group level, the traditional 

fixed effects models lose any information with respect to individual differences in the 

phenomena of interest. Therefore in general, inferences about individual differences in 
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change that can be made from the traditional fixed effects models are limited (Curran & 

Muthen, 1996; Rogosa et al., 1982; Willett & Sayer, 1994; Willet et al.. 1998). 

Traditional fixed effects models also reflect a questionable assumption regarding 

the nature of change itself. These models characterize change as an increment, as the 

difference between '"before" and "'after" (Willett, et al., 1998), and at best give 

information reflecting the amount of chzmge between 2 time points (Rogosa. 1991). For 

example, pretest/posttest ANCOVA makes use of difference scores to represent change in 

the variable of interest. A difference score is created by calculating the difference 

between scores on the variable of interest at two different time points (e.g.. baseline or 

pretest score minus the follow-up or posttest score). Therefore, change is modeled as a 

function of the score at the initial (baseline, or pretest) measurement point, represented as 

A = f(pretest) 

where A represents change or the difference score. Consequently, most longitudinal 

studies traditionally have been designed to assess group status on only two time points, 

using a pretest/posttest design (Curran & Muthen. 1996; Rogosa. et al.. 1982; Rogosa, 

1991; Willett & Sayer, 1994; Willett et al.. 1998). 

The problem with viewing chzmge as an increment is that the substantive 

questions about change of interest to social scientists generally concern trajectories or 

patterns of change, as well as individual differences in those trajectories (Burchinal & 

Applebaum, 1991; Rogosa, 1991; Willett et al., 1998). Furthermore, change in most 

phenomena of interest to social scientists is usually conceptualized as something that 
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takes place over time in a continuous fashion along a particular trajectory (Willett et al., 

1998). Indeed, as Curran and Muthen (1996) note, 

developmental theories typically do not posit change in terms of time-specific 
comparisons (e.g.. females are expected to be higher than males on a certain 
attribute at Time 2 above and beyond their previous level of standing relative to 
the group mean at Time I). Instead, developmental theory tends to construe 
change as a continuous growth process over time, and this process is described in 
terms such as individual differences in onset, escalation, acceleration, plateau, and 
deceleration (p. 5). 

Such concerns can only be adequately addressed by assessing individuals longitudinally, 

when time points and individuals have been sampled representatively (Rogosa et al.. 

1982; Willett & Sayer, 1994; Willett et al., 1998), and when change is characterized 

statistically as a continuous rather than an incremental variable. 

Although two observations provide some information regarding change over time, 

this information is seriously limited. First, the most complex functional form that can be 

fit for two data points is a straight line. Although a straight line often serves as an 

adequate representation of growth despite a different underlying "true" growth trajectory 

(Rogosa et al., 1982; Willett & Sayer, 1994), the data from two time points do not contain 

any information regarding the adequacy of the straight line representation of growth, nor 

with respect to the scatter in the data (Rogosa, 1991). Two time points only allow for 

estimation of the amount of change between Time 1 and Time 2. Yet amount of change is 

no guide for understanding patterns of change, particularly with respect to individual 

differences in those patterns (Rogosa, 1991). 

Raykov (1991) suggests that a great deal of the conceptual pitfalls regarding 

change associated with the traditional fixed effects change models are due to the fact that 
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these models do not explicitly formulate change in terms of parameters that reflect 

theoretically important aspects of change, such as growth, development, and intervention 

effects. Because the traditional models characterize change as the difference in group 

means over a specific time interval, the growth parameters of interest in these models are 

typically the average slope between the time points of interest. Average slopes do not 

provide sufficient information about the shape of the change trajectory, nor about 

individual differences, unless the true trajectory is linear between adjacent time points 

and there are virtually no individual differences in that trajectory. Thus opponents of the 

traditional analytic approaches to analyzing change believe that the statistical models, in 

general provide an inadequate basis for the assessment of the theoretically important 

aspects of change (Bryk & Raudenbush, 1987; Rogosa et al., 1982; Willett et al.. 1998). 

Patterns and correlates of change are generally regarded as the theoretically 

important aspects of change to social scientists, whether this change is associated with 

intervention effects or developmental processes. Individual differences within these 

patterns and correlates are the focus of the statistical methods broadly referred to as 

individual growth modeling (Willett & Sayer, 1994) or random coefficients models 

(Curran & Muthen. 1996). Briefly, these random coefficients models allow for individual 

differences in the parameters of interest. For individual growth models, those parameters 

are the intercept (which represents the place at which an individual starts the change 

process), and the slope(s) (which represent(s) the rate, or pattern of change over time). 

Individual growth modeling techniques represent substantial advantages over the 

traditional statistical models available to researchers interested in characterizing 



A Comparison of Five Methods 
19 

individual differences in growth or change over time.' One of the most important 

advantages of these methods is that in general, the statistical assumptions on which 

individual growth models are based reflect a perspective that is commensurate with how-

change is generally conceived by social scientists. In contrast to the traditional methods, 

the individual growth modeling methods are based on statistical assumptions that allow 

for individual differences with respect to change, and that reflect the notion that change is 

a continuous process rather than a discrete event. For example, individual growth 

modeling techniques are not restricted by the sphericity assumption. In fact, several of 

these techniques allow for the direct assessment of the validity of the sphericity 

assumption via statistical procedures involved in hypothesis testing and model 

comparisons. Curran and Muthen (1996) and Singer (1999) provide specific examples of 

how this can be done using latent growth curve modeling and hierarchical linear models, 

respectively. Thus in theory, individual growth modeling techniques are better suited for 

testing the hypotheses about change in which social scientists are genuinely interested. 

Additionally, individual growth modeling allows for the measure of individual 

differences in change by explicitly modeling these differences. Briefly, the observed data 

is used first to inform an initial growth model that represents the change each individual 

experiences over time (Rogosa et al., 1982; Willett & Sayer, 1994). This model is 

referred to as the Level 1 or "within-subjects" model. The implicit assumption at this 

stage is that all individuals experience growth in the same functional form (e.g., growth 

' Other methods for the analysis of longitudinal data exist, such as survival analysis, event history analysis 
and hazard modeling. However, these methods address a class of questions about change that focus on the 
timing of events, while the analyses of interest in this paper focus on the class of questions addressing the 
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represented by a straight line or an S-shaped curve), but they are allowed to vary in terms 

of initial status and rate of change with respect to growth (Rogosa, 1991; Willett et al.. 

1998). The initial status (or intercept) and rate of change (or slope) are referred to as the 

individual growth parameters, and the variance associated with these parameters indicates 

individual differences in change. The mathematical representation of a simple Level 1 

linear individual growth model is as follows: 

Yij = noj+Kij (TIME)ij + nj 

where Yjj is the outcome of interest in which change is being assessed for theyth 

individual at the /th time point; Ttoj and Ttij represent the individual growth parameters 

(e.g., the intercept and slope) for the yth person, and rjj represents the within-person 

residual for the yth person at the /th time point. The second stage involves assessing 

systematic between-subjects differences with respect to change, i.e. the predictors and 

correlates of change. In this stage, the Level 2 or between-subjects model is specified in 

terms of predictors of the individual growth parameters obtained in the Level 1 model. 

The mathematical representation of a simple Level 2 model in which the Level I 

parameters are a function of a single person-level predictor is as follows: 

y ij = Tioj+Ttij (TIME)ij + rij 

and 

^oj = Poo ^o\PREDICTORi + uoj 
= ^i\PREDICTORi + uij 

which can be combined as: 

ways in which a phenomenon of interest changes over time (see Willen, Singer, & Martin (1998) for a 
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Yij = [poo + Pio (TIME) + ^QxPREDlCTORy + pn/'/2£:£>/CrO/?j(TIME) ij] + 

+ [uoj + Uij(TIME) ij + rij] 

As noted by Singer (1999), this multilevel model is expressed as the sum of two 

parts: the fixed part, marked by the first set of brackets, and the random part, marked by 

the second set of brackets. The fixed part consists of the average intercept in the 

individual growth model (poo), the average slope (Pio), and the person-level predictor of 

change (PREDICTOR). These variables, along with TIME, are known as the fixed effects 

of the model. The random effects consist of the within-person residual (nj) as well as the 

bctween-persons residual for the intercept (uoj) and the slope (uij). It is the modeling of 

these random effects that differentiates the individual growth modeling techniques fi-om 

the traditional fixed effects models. The modeling of these random effects allows for the 

assessment of individual differences in change, as well as group level differences with 

respect to the predictors of change. 

The statistical assumptions underlying individual growth modeling techniques 

also reflect the perspective that growth is continuous rather than an incremental 

difference between two time points. Rogosa, et al. (1982) suggest that the key initial 

summary of data regarding individual growth is the collection of individual regressions of 

the variable of interest on time, not the regression of posttest scores on pretest scores. 

Therefore, change is a function of time, which is considered to be a continuous variable. 

Referring back to the mathematical representation of the Level 1 model: 

thorough treatment of these classes of questions involving change). 
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Yij = 7ioj+rtij (TIME)ij + nj 

it is clear that change in the outcome of interest (Yy) is modeled explicitly as function of 

time. In comparison to the traditional fixed effects models' representation of change as a 

function of the pretest, a simple representation of change as modeled in the individual 

growth modeling techniques is 

A = f(tinie) 

By modeling change as a function of time, researchers can test a variety of 

hypotheses regarding the underlying growth trajectory. For example, to test a curvilinear 

trajectory using a second order polynomial functional form, one need only manipulate the 

time variable in the following meinner; 

Yij = Ttoj+Ttij (TIME)ij + TZ2j (TIME)ij- + ry 

Researchers can then assess statistical fit indices to determine the plausibility of various 

functional forms for the change trajectory. This ability to parameterize time is clearly 

useful when simple linear growth is not expected to be a valid representation of the 

growth trajectory of interest. The traditional fixed effects change models do not model 

change as a function of time, and therefore cannot address questions about change as a 

continuous process. 

Robustness of the Traditional versus Individual Growth Models 

The robustness of a statistic is defined by the utility of that statistic even when 

one or more of its assumptions have been violated (Vogt, 1993). Typically the robustness 
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of a statistical method is empirically addressed using Monte Carlo simulations in which 

statistical assumptions are violated to varying degrees and the resulting damage to the 

statistic of interest is inspected. Generally, the "damage" is operationalized as a decrease 

in precision of the parameter estimate, which is typically indexed by the magnitude of the 

standard error of tlie estimate. Thus the reliability (stability) and precision of the 

parameter estimates are of ultimate concern in studies of robustness. 

A vast literature exists in which these Monte Carlo simulations are used to assess 

the robustness of the traditional fixed effects models and less so for tlie individual growth 

modeling procedures. Although the stability of parameter estimates is of concem with 

respect to the validity of statistical conclusions, it remains unclear as to how much 

change in the standard error of the estimate is required before researchers can conclude 

that such a change is detrimental to the statistical conclusion validity of a particular 

study. Typically researchers use the heuristic borrowed from statistical hypothesis testing 

of a difference of two standard errors of the estimate to determine a statistically 

meaningful change in stability of the parameter estimate. However, use of this heuristic is 

questionable in that most measures used by social scientists are not so precise as to make 

the determination that two standard errors of the estimate is a meaningful change in 

stability (Lee Sechrest, personal communication). Instead a more meaningful comparison 

might be to assess the consistency of the conclusions based on the statistics obtained from 

analyses in which statistical assumptions have been violated. For example, if an analytic 

method is based on the assumption that the data distribution is multivariate normal, how 

severely nonnormal do the data have to be before the conclusions one would draw from a 
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particular analysis would be different? It is important for researchers to be aware of how 

robust an analytic tool is to violations of the statistical assumptions on which a method is 

based, particularly if those assumption are generally untenable given the domain of 

analysis. 

Nich and Carroll (1997) conducted a study in which the robustness of several 

analytic procedures for longitudinal data were assessed with respect to a variet>' of 

missing data conditions and missing data handling techniques (e.g., listwise deletion, 

missing data imputation). These authors concluded that results from the analyses would 

have led to different conclusions about treatment effects over time given the different 

types of missing data conditions. Other robustness studies involving methods for 

analyzing change using longitudinal panel data include studies by proponents of the 

individual growth modeling procedures, in which the stability of parameter estimates 

were assessed (e.g., Curran & Muthen, 1996; Rogosa, 1991). These investigators and 

others have noted that because individual growth parameters are estimated from all of the 

observations at all of the time points, these analyses are thought to produce a more stable 

(reliable) estimate of the population parameters of interest (initial status and rate of 

change) than the traditional models (Curran & Muthen. 1996; Lawrence & Hancock, 

1998; Rogosa et al., 1982). Additionally, because individual growth modeling procedures 

require at least 3 waves of data (Rogosa et al., 1982), they produce more information (i.e. 

observations) than the typical two-wave data collection of the traditional pretest/posttest 

methods, thereby increasing the reliability of the parameter estimates. 



A Comparison of Five Methods 
25 

The improvement in the reliability of parameter estimates can be an advantage for 

statistical procedures for several related reasons. First, statistical conclusion validity is 

partly dependent on the stability of parameter estimates in that statistical conclusion 

validity is related to statistical power. Statistical power is directly proportional to sample 

size, alpha, and effect-size (Cohen, 1988). The effect-size calculations used for power 

analysis are directly proportional to the difference between groups, indexed by the 

difference between parameter estimates, for example, the group means. Because of the 

increase in reliability of the parameter estimates due to the estimation procedures (e.g., 

using all of the observations) and the increased number of observations compared to 

pretest/posttest designs, the individual growth modeling techniques increase the statistical 

power for hypothesis testing (Curran & Muthen. 1996; Maxwell. 1998; Willett et al.. 

1998). For example, Curran and Muthen (1996) demonstrated that the required sample 

size was 28% less for the latent growth curve model when compared to the ANCOVA 

model, for 80% power to detect a small to moderate main effect between the control and 

treatment groups in a study design involving five equally spaced waves of data. 

Additionally Maxwell (1998) demonstrated an increase in statistical power as the number 

of observations or waves of data collection was increased. 

In summary, individual growth modeling techniques purportedly exhibit a wide 

variety of improvements over the traditional data analytic methods with respect to a 

variety of design and analysis considerations that are relevant to longitudinal panel data. 

These improvements reflect a different approach to the analysis of change than the 

traditional analytic methods. Lawrence and Hancock (1998) provide an excellent 
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description of these improvements with respect to latent growth modeling (or LGM) in 

particular, although this summary can be applied to all of the individual growth modeling 

procedures; 

Specifically, LGM techniques can describe individuals' behavior in terms of 
initial levels and their developmental trajectories from those levels. In addition, 
they can determine the variability across individuals in both initial levels and 
trajectories as well as provide a means for testing the contribution of other 
variables or constructs to explaining those initial levels and growth 
trajectories...In doing so, LGM methods simultaneously focus on correlations 
over time, changes in variance, and shifts in means values...thus using more 
information available in the measured variables than do traditional methods (p. 
212). 

These authors conclude that although the traditional methods remain valid when 

underlying statistical assumptions are met and the goals of the researcher are 

commensurate with these assimiptions, the individual growth modeling techniques are 

more versatile when it comes to asking questions about change. 

Comparisons of Individual Growth Modeling Techniques 

The differences between individual growth modeling techniques lie in the 

methods by which the parameters of the Level 1 and Level 2 models are estimated. 

Furthermore, the methods of parameter estimation reflect different philosophies with 

respect to modeling individual differences in change. Willett and Sayer (1994) provide a 

synopsis of the history and development of the various parameter estimation procedures. 

Briefly, the early work on individual growth curves, as described in Rogosa et al., (1982), 

involved estimating Level 1 and Level 2 models separately using ordinary least squares 

(OLS). The Level 1 model is estimated using individual regressions, thereby obtaining 
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growth parameters for each individual. These individual growth parameters then become 

the input data for the Level 2 model, in which systematic differences in growth are 

explored. This estimation procedure reflects Rogosa's (1991) philosophy that the only 

way to model individual differences in change is to start with the "individual history" 

which is summarized in individual growth curves. By explicitly obtaining individual 

growth parameters, researchers can directly assess individual differences in the 

theoretically important aspects of change, i.e. differences in starting point and rate or 

pattern of change. The Level 2 model, which is specified to predict the individual growth 

parameters, can involve a variety of estimation procedures. For example, Willett (1988) 

suggested a weighted least squares method for obtaining asymptotically efficient 

estimates of the Level 2 model parameters. 

Bryk and Raudenbush (1987. 1992) discussed the use of empirical Bayes 

estimation procedures for the simultaneous estimation of Level 1 and Level 2 parameters, 

in the context of hierarchical linear modeling (HLM). Singer (1999) and Qu (1997) 

discuss the use of mixed effects models which make use of Restricted Maximum 

Likelihood (REML) for parameter estimation. Unlike the individual regressions 

approach, in which each individual's intercept and slope(s) are estimated from the raw 

data, the HLM method uses variance/covariance matrices as input and from these 

matrices, computes individual growth parameters based on the individual's deviation 

from the grand mean for each of those parameters. Individual differences in change are 

represented by the deviation from the grand mean growth parameters and the variance 

components for each of the growth parameters. Hypothesis tests are used to assess the 
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statistical significance of those variance components, although these tests can be 

unreliable with small samples (Bryk & Raudenbush, 1989; Littell, Milliken, Stroup & 

Wolfinger, 1996). 

Finally, Willett and Sayer (1994) combined the pioneering work of 

methodologists who applied structural equations modeling (SEM) estimation procedures 

to longitudinal data (e.g. McArdle & Epstein, 1987; Muthen. 1989), with individual 

growth curve modeling, demonstrating how the Level 1 and Level 2 models could easily 

be incorporated into SEM estimation procedures. The application of SEM to individual 

growth modeling is known as latent growth modeling (LGM) because the individual 

growth parameters, i.e. initial status (intercept) and rate of growth (slope), are treated as 

latent variables in these models. Similar to the HLM procedure, LGM uses covariance 

matrices to estimate mean growth parameters and variances about these parameters to 

represent individual differences in change. 

In his discussion of the individual growth curve (IRA) approach to individual 

growth modeling, Rogosa (1991) summarizes the advantage of using OLS for estimating 

individual growth parameters by noting that 

...simple approaches work well with longitudinal data, and much 
progress can be made using straightforward descriptive analysis of 
individual trajectories followed by statistical estimation procedures 
for collections of growth curves (p. 36). 

Further, he considers the HLM and LGM methods to be antithetical to this simple 

approach. With respect to the HLM, he suggests that HLM procedures promulgate the 

myth that the average growth curve informs about individual growth. He discusses how 

this myth has impeded the study of learning curves in psychological learning 
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experiments, and studies of physical maturation. With respect to the SEM approach, he 

argues that analyses of relationships among variables are "fundamentally inadequate" 

because they do not address the individual level processes tliat generated the data. He 

adds that the parameters estimated in the SEM approach are meaningless with respect to 

the analysis of change. As noted previously, according to Rogosa (1991), the most useful 

methods for the analysis of longitudinal data use as a starting point, a model for the 

individual history. TTius in his estimation, using OLS to estimate individual growth 

parameters is best suited for answering the basic questions in longitudinal research. 

According to proponents of the HLM approach, the multilevel conceptualization 

of growth (i.e. the within-subjects and the between-subjects models) is consistent with 

hierarchical structure of multilevel linear models (Bryk & Raudenbush, 1992; Singer, 

1999). Bryk and Raudenbush (1987) list the key analytic uses of HLM with respect to 

longitudinal data and questions regarding change as (a) describing the structure of the 

mean growth trajectory; (b) estimating ±e amount and type of individual variance about 

this mean growth; (c) assessing the reliability of measures for assessing both status and 

change; (d) estimating the correlation between intercept and slope; (e) estimating 

correlates of intercept and slope; (f) assessing between-subjects models (by comparing 

e.xplained variance); and (g) predicting future individual growth. Therefore. HLM can 

address a broad range of issues related to change and should assist in our understanding 

of the nature of change in social science phenomena. 

The noted advantages of the HLM approach, according to its proponents are 

many. For example, HLM provides a distinct advantage over the traditional fi.xed effects 
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methods and LGM in that HLM does not require the same data collection design for each 

subject (Bryk & Raudenbush, 1989). In other words, the time points of data collection 

can vary across subjects in terms of number and spacing of observations. In contrast, the 

traditional fixed-effects models and the SEM approach require time-structured data; that 

is, all subjects are required to have the same number of observations as well as equal 

spacing of those observations (Willett & Saver, I994).~ This advantage is important in 

light of the longitudinal data collection problems researchers typically face, including 

missing data at various collection points, particularly with respect to attrition over time. 

Like all of the individual growth modeling procedures, HLM methods assume 

normality of the growth parameters. However, violations of this assumption will not have 

much of an effect on the fixed effects of the model (i.e. tlie mean intercept and slope) 

because they are estimated using generalized least squares, or GLS (Bryk & Raudenbush, 

1989). As Bryk and Raudenbush (1989) discuss, violations of normality have tlie greatest 

effect on inferences made from estimated variances and covariances (i.e. the random 

effects), because hypothesis testing depends more on distributional assumptions than do 

point estimates. Thus these authors caution that researchers must be carefiil when making 

inferences under such violations, particularly with a small sample size. They add that 

more studies are needed to assess the optimal sample sizes as well as the robustness of 

parameter estimates to nonnormality with respect to the HLM approach. 

According to the proponents of LGM, the modeling of individual and group level 

differences in change over time is suitable for latent covariance structure modeling. 

" MacCallum et al. (1997) note that new estimation techniques make it possible to deal with time-
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Briefly, these models estimate the individual growth parameters (intercept and slope) as 

latent or unmeasured variables, based on the observed mean vector and covariance matrix 

obtained from the data. The variances associated with these latent factors represent 

individual differences in initial status and rate of change. Time is modeled as an indicator 

of the latent growth factors. Predictors of change can be modeled as predictors of the 

latent growth factors. These predictors can be modeled as either measured or latent 

variables. Furthermore, like the IRA and HLM approaches, separate predictors can be 

used to explain the intercept and the slope parameters. The noted advantages of LGM are 

the ability to explicitly model measurement error, thus allowing for m.odel flexibility by 

permitting the testing of the statistical fit of the classical error structure against other 

more liberal hypotheses (Willett &. Sayer, 1994). Other advantages of LGM for modeling 

change include: (a) the ability to model mediators of change either as time invariant or 

time varying variables (Curran & Muthen. 1996); (b) the ability to use multi-sample 

analysis with randomly assigned control and treatment groups to test the effect of 

treatment above the natural growth modeled on the control group (Curran & Muthen. 

1996; Muthen & Curran, 1996); (c) the ability to factor analyze growth curves to obtain 

"prototypic" growth curves to explain differences in individual growth (Burchinal & 

Appelbaum, 1993); (d) the ability to test hypotheses regarding individual and/or group 

differences in rate of growth (Burchinal & Appelbaum, 1993), the relation to initial status 

and rate of growth (Curran & Muthen, 1996) and the linearity of growth (Burchinal & 

Appelbaum, 1993). 

unstructured data within SEM analyses. This will be addressed further in the discussion of latent growth 
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The LGM approach also has notable limitations as a method for analyzing 

change. As mentioned earlier, LGM traditionally requires time-structured data (Willett Sc 

Sayer. 1994; MacCallum, Kim. Malarkey, & Kiecolt-Glaser, 1997). That is, all sample 

subjects must be measured at the same time points. If subjects are missing data on any of 

the time points, the missing data makes it difficult to estimate the sample covariance 

matrix, the basis for all the subsequent analyses. Depending on the nature of the missing 

data (e.g., the percentage of missing values, the reliability of the measures, whether data 

are missing systematically or at random), a variety of techniques for handling missing 

data may alleviate this violation of time-structured data. However, more recent advances 

in missing data handling techniques provide estimation procedures so that LGM can now 

handle unbalanced or incomplete data. Unfortunately, these new estimation procedures 

are not currently available in most commercial software for fitting LGM's (MacCallum et 

al., 1997). 

Additionally. Curran & Muthen (1996) discuss that the ma.\imum likelihood 

estimator used to evaluate the latent growth models assumes multivariate normality, 

violations of which have been shown to be problematic. They note however that more 

robust estimation methods are being developed that appear to be promising. Finally, 

unlike the HLM approach, latent growth curve models generally do not incorporate 

hierarchical structure to the observations (e.g. individuals nested within groups), although 

methodologists (e.g., Muthen & Shedden. in press) are exploring methods to incorporate 

nested data within latent growth curve models. 

modeling. 
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In summary, analytic methods available to social scientists for the study of change 

reflect underlying assumptions with respect to change. These assumptions may or may 

not be commensurate with the focus of researchers interested in investigating change for 

a particular phenomenon. Tlie proponents of individual growth modeling approaches 

argue that the traditional fixed effects models for analy2dng change are based on 

assumptions that are generally incommensurate with common notions and scientific 

theories about change, and with the theoretically relevant aspects of change in which 

social scientists are interested. Theoretically relevant aspects of change include the point 

at which individuals start in the change process, how this starting point might influence 

the change process, patterns of change, and correlates of those patterns. Furthermore, 

individual differences in change are important for theoretical explanations as well as the 

prediction and/or control of change. Therefore, as Raykov (1991) states, "an initial step 

of crucial importance in the assessment of change is the choice of an appropriate explicit 

model as a data analytic basis" (p. 44). The purpose of the present study is to compare 

five methods for analyzing change, two traditional fi.xed-effects methods and three 

individual growth modeling methods, to assess the appropriateness of the application of 

each of these models to research questions about intraindividual and interindividual 

differences in change. 

The following empirical analyses address the issue of the appropriateness or 

validity of the application of each of these types of models to two domains of questions 

with respect to change that are of interest to social scientists: change associated with 

intervention effects, and change associated with natural developmental processes. 
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Validity of the application is addressed by summarizing what can be learned about 

change given the type of data analytic strategy. The robustness of each of these strategies 

will also be addressed by applying each of these methods to a variety of data sets created 

by using different standard methods for handling missing data, and comparing the 

stability of the parameter estimates. The following section describes in detail the methods 

by which these comparisons were made. 
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METHODS 

For the present study, five methods for analyzing change were compared using 

two different data sets representing two general domains of questions about change: 

change associated with an intervention, and change associated with naturally occurring 

developmental processes. The following description of the methods used for these 

analyses and comparisons are divided into two larger sections. Study 1 and Study 2. 

Study 1 involves a data set that addresses change associated with an intervention, and 

Study 2 involves a data set that addresses observed developmental processes without an 

intervention. Within each of these sections, the details of the data set as well as the 

relevant questions with respect to change are addressed. Additionally, the model of 

change associated with each of the five analytic methods is described. 

Study#l: Change in Heroin Use over 24 months Associated With Methadone 
Treatment 

Measures 

The measures used for the first study were collected at baseline and at 6, 12, 18 

and 24 months past admission, as part of the Comparison of Three Levels of Methadone 

Intervention project (Calsyn, Wells, Saxon, Jackson, Wrede, Stanton, & Fleming, 1994). 

Three hundred and sixty two subjects participated in this project during April 1989 to 

January 1991, although two dropped out of treatment before completing the initial 

interview and before random assignment to treatment conditions. The treatment 

conditions involved a 3 x 2 design: 3 levels of counseling ("medication only," "standard" 
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counseling, and "enhanced services") x 2 contingency conditions (no contingencies (NC) 

and contingency contracting (CC), which included discharge from the program for 

continuous drug-positive urinalysis results). Although some participants were discharged 

from the program due to positive urinalysis results, they were required to complete all of 

the follow-up interviews.^ 

The interview used for the Comparison of Three Levels of Methadone 

Intervention project combined items from the Addictions Severity Index (ASI: McLellan, 

Luborsky, O'Brien, & Woody. 1983) and the AIDS Initial Assessment Questionnaire 

(AIA; NOVA Research Company, 1989). For Study I, only the ASI items inquiring 

about heroin use and cocaine use over the past 30 days were selected. Both items required 

the respondent to indicate how many days of the past 30 he/she used heroin or cocaine. 

These items also included various routes of drug administration, therefore heroin use and 

cocaine use were calculated by summing the reported number of days the drug was used 

during the past 30 for each route of administration, for a ma.vimum of 30 and a minimum 

of 0. These heroin and cocaine use sums were created for baseline. 6. 12, 18. and 24 

months follow-up. Additionally, a baseline item inquiring about age at which drugs were 

first used and/or intoxication due to alcohol consumption first occurred, was selected as a 

potential predictor of change in heroin use over the 24 month period. An index reflecting 

the number of various types of counseling sessions (e.g.. Narcotics Anonymous. 

individual counseling, etc.) attended over the past 6 months was created for each data 

^ A complete description of the participants as well as the study design can be found in 
Calsyn, Wells, Saxon, Jackson, Wrede, Stanton, and Fleming (1994). 
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collection period, and then averaged over all 5 periods. This index was also used as a 

potential predictor of change in heroin use over the 24 month period. 

Questions Regarding Change 

There were several relevant questions about change in heroin use for Study I. As 

Curran and Mudien (1996) observe, studies involving the analysis of change associated 

with interventions are generally focused on evaluating the effectiveness of the treatment 

in terms of the degree to which the treatment can alter the normative change trajectory 

that e.xists without exposure to the intervention. In Study 1, there was no group that did 

not receive treatment by which to compare change trajectories, therefore the comparison 

group was the condition in which individuals received "standard" methadone treatment 

without contingent urinalysis. The important issues of focus in this type of study are 

assessing whether change in the outcome of interest is associated with the intervention as 

well as the type of change trajectory associated with the intervention. Furthermore, noting 

how individuals vary in the type of change trajectory is potentially useful for guiding the 

assignment of individuals to treatments in the future. Finally, the identification of 

relevant predictors of change aside from the intervention is important for predicting 

which individuals might benefit from a certain type of treatment. 

Therefore, for Study 1, the following questions about change in heroin use were 

of interest: (a) Is change in heroin use associated with the type of treatment received? (b) 

What type of trajectory best characterizes the pattern of change in heroin use for these 

individuals receiving methadone treatment? (c) Do individuals differ in their pattern of 
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change in heroin use? (d) Are there systematic differences between individuals with 

respect to patterns of change (i.e. are there person-level variables that predict the pattern 

of change)? The hypothesized predictors included change in cocaine use, age at which 

illicit drugs were first used or intoxication due to alcohol was first experienced, and the 

average number of treatment sessions sought outside of the methadone intervention, (e.g.. 

Narcotics Anonymous, etc.) both at baseline and over the 24 month period. 

It is important to note that because the purpose of the present study was to 

compare methods for analyzing change over time rather than to make substantive 

statements regarding methadone treatment and change in heroin use. the models were 

deliberately specified to be simple. For Study 1. for all five of the analytic methods, 

change in heroin use was the outcome of interest. The four predictors of chzinge in heroin 

use included treatment condition (TX) (coded as a series of 5 dummy variables with the 

non-contingency/"standard" care treatment group serving as the comparison), change in 

cocaine use over the same 24 month period (COICECHG). age at which illicit drugs were 

first used or the respondent had first become intoxicated due to alcohol intake 

(AGE_I USE), the number of treatment sessions outside of the methadone treatment 

attended 6 months prior to baseline (TXNOMTGl), and the average number of these 

sessions attended over the same 24 month period (AVGTXMTG). 

Data Analyses 

Missing Data 
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Before describing each of the different growth models, missing data 

considerations must be addressed. The original data set from the Comparison of Three 

Levels of Methadone Intervention project included 362 subjects. Of those 362, 274 

(75.5%) provided complete data with respect to heroin use and cocaine use over the past 

30 days, for each of the 5 data collection periods (baseline, 6, 12, 18. and 24 months). 

Table 1 provides a description of the pattern of missing data for the heroin and cocaine 

use variables over all 5 data collection periods. Table I illustrates that as the project 

continued, more participants were missing data, a common phenomenon within 

longitudinal studies. Yet as described earlier, some of the analytic methods require 

complete data, while others do not. Therefore several data sets were created to compare 

the 5 methods across varying missing data conditios. Two of these data sets were used for 

all 5 of the data analytic methods: Data Set A. in which only those participants with 

complete data for both the dependent and independent variables were included (N = 274), 

and Data Set B, in which missing values for both the dependent and independent 

variables were imputed (N = 307). A third data set. Data Set C, was included to illustrate 

the advantages of the individual regression analysis (IRA) method, in which the Level 1 

model can be estimated with missing data, as long as there are a sufficient number of 

time points given the hypothesized growth trajectory."* In the given study, a third order 

polynomial growth trajectory was hypothesized, thus those participants who had a 

minimum of four observed time points (N=307) were included. To highlight the 

advantage of the analytic metliods that do not require complete data for each individual 

•* For example, if tiie hypothesized trajectory involves a third order polynomial (a linear + quadratic + cubic 
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(e.g., HLM), data set D was included, which was simply the original data set, in which no 

individuals were deleted and no missing values were imputed (N=362). 

INSERT TABLE 1 ABOUT HERE 

For the analytic methods that require complete data, there are a variety of 

techniques for imputing missing data. However, a comparison of the multitude of 

methods for handling missing data goes beyond the scope of this study, therefore the 

following methods were used: a within-subjects imputation method was used for the 

missing heroin and cocaine use data, and mean substitution was used for the missing 

predictor variables. For the heroin and cocaine use variables, large standard deviations 

suggested that group variability was too great to justify using group means as a 

replacement value for missing data. Further, individual growth plots indicated that 

within-subjects values were highly variable, therefore intra-individual means were also 

deemed inappropriate for missing data replacement. Instead, a within-subjects imputation 

method was chosen. This method involved the use of individual regressions for those 

subjects who had complete data for a minimum of four data points, in order to estimate 

the intercept and the slopes for the linear, quadratic and cubic components of the growth 

function.' These growth parameter estimates were then used to compute the value for the 

missing data point. Because fewer than 3% of the subjects were missing values on the 

remaining predictor variables (TX, AGE_1USE, TXNOMTGl and AVGTXMTG), mean 

component), a minimum of four time points is required for those slopes to be estimated (Willett et al.. 
1998). 
' As noted previously, a minimum of 4 observations is required to estimate all 3 (linear, quadratic and 
cubic) slopes. 



A Comparison of Five Methods 
41 

substitution was used to replace that missing data. As a result. Data Set B, which included 

the imputed values and the substituted means, included 85%, or 307 of the original 362 

subjects.^ 

Individual Growth Modeling Methods 

Individual Regressions Analysis (IRA) 

Because change in heroin use was conceptualized as a function of time, time was 

parameterized first. Values representing time, also known as "time scores" (B. Muthen, 

June 11, 1999, personal communication) were specified based on the equal (6 month) 

intervals between data collection periods. Therefore time scores of 0, 1. 2, 3 and 4 were 

specified for baseline, 6. 12, 18 and 24 months respectively. Next, the Level 1 or 

unconditional growth model was specified using a third order polynomial fiinctional form 

or type of change trajectory. A second order polynomial growth function was first 

hypothesized based on the expectation that heroin use would initially decrease due to 

methadone treatment, and then gradually increase after treatment ended. The third order 

polynomial trajectory was specified to capture a more complicated trajectory if it existed, 

and to enhance generalizability. Generalizability would be enhanced because a variety of 

growth curves, including a second order polynomial, would be subsumed under a third 

order polynomial growth function. The other types of trajectories would be a simple 

linear trajectory, a linear plus cubic component, a simple quadratic trajectory, a cubic 

trajectory, and a quadratic plus cubic trajectory. In these cases, the slope values would 

'• The remaining 15% did not have sufficient data by which to impute missing values using the individual 
regressions, and therefore their missing data could not be replaced. 
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simply be 0 for the components of the third order polynomial that were not present for an 

individual. 

The same growth function was specified for heroin use for each individual for 

data sets. A, B and C. Thus the Level 1 model was specified by the following linear 

equation; 

Heroin use = TIME + TIME" + TIME^ 

represented mathematically as 

Vil = Poi + PliXit + p2iX"it + PsiX^it + e it 

where yu is the measure of heroin use for individual / at time t; Poi is the intercept or 

baseline estimate of heroin use for individual /; Pr,. p2i.and Pji are the linear, quadratic and 

cubic slope estimates, respectively, for individual /; and e ^ is the residual for individual i 

at time i. Thus for each individual and each data set. four growth parameters were 

estimated: the intercept, the linear, quadratic and cubic slopes. Figure 1 illustrates a third 

order polynomial growth function. 

INSERT FIGURE 1 HERE 

The Level I model was tested in SAS version 6.1 for Windows, by using 

individual regression analyses in PROC REG using the 'BY SUBJECT' option. Individual 

regression analyses result in estimated growth parameters for each individual, using 

ordinary least squares (OLS). For the third order polynomial model, an intercept, linear, 

quadratic and cubic slope was estimated for each individual. Additionally, the adjusted R" 
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for each individual was calculated to indicate the extent to which this growth model 

explained change in heroin use for each person. 

Using the same methods, a third order polynomial Level 1 model was also tested 

for cocaine use over the same 24 month period, to estimate individual growth parameters 

for this outcome.^ Adjusted R" was again obtained for each individual to assess the fit of 

this growth model for each person. Cocaine use growth parameters were estimated in 

order to use as predictors of change in heroin use in the Level 2 model. 

After the individual growth parameters were obtained and the Level 1 model of 

growth was assessed for fit, the Level 2 models were specified using hierarchical linear 

regression. In step 1, predictors of the intercept were specified and tested, and entered in 

the following order: AGE_1 USE, estimated baseline cocaine use (the intercept from the 

Level 1 cocaine analysis described previously), the baseline number of counseling 

sessions attended over the past 6 months (TXNOMTGl), and TX. In step 2, the 

predictors of the linear slope parameter were specified and tested. The heroin use 

intercept was entered first (to partial out baseline heroin use), followed by the estimated 

cocaine use intercept, the estimated change in cocaine use (i.e. the linear, quadratic and 

cubic slope parameters from the Level 1 model), the average number of treatment 

sessions attended over the 24 months period (AVGTXMTG), and TX. In step 3, the 

predictors of the quadratic slope parameter were specified starting with the linear slope 

parameter followed by the same set of predictors as those specified for the linear slope, 

thus partialling out the variance due to the linear component of the change estimates. For 
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Step 4, predictors of the cubic slope parameter were specified in the same order, but with 

the quadratic and linear components entered first and second respectively to partial out 

the effects of those components of the change trajectory. 

The same Level 1 and Level 2 models were specified for data sets A, B and C. 

Latent Growth Curve Modeling (LGM) 
Following standard practice in LGM, the first step was to specify the 

unconditional growth model (MacCallum, K.im. Malarkey, & Kiecolt-Glaser, 1997). This 

model is similar to the Level 1 model of the IRA analysis. The growth model can be 

specified in a confirmatory manner, in which the functional form of growth (e.g.. linear, 

logrithmic, etc.) is specified a priori based on theory, or it can be done in an e.xploratory 

manner by allowing the growth parameters to be freely estimated in order to determine 

the growth model that best fits the observed data. MacCallum et al.. (1997) describe this 

exploratory analysis as an advantage to the LGM methodology in assessing growth 

trajectories. However these authors also caution that in such analyses it is difficult to 

know how and where to limit the number of growth factors (or "basis functions") to be 

estimated. 

For Study 1. both a confirmatory and an exploratory approach were used for 

model specification of the unconditional growth model. First, a third order polynomial 

growth model was specified a priori for the reasons discussed previously. This model 

required that four latent or unobserved growth factors, the intercept, linear, quadratic and 

^ Another advantage of IRA is the ability to model time-varying predictors in the analysis of change. In 
Study 1, change in cocaine use overtime was hypothesized as one predictor of change in heroin use over 
the same time period. 
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cubic components of growth, be specified and estimated. Both the unconditional and 

conditional growth models were estimated using EQS version 5.1 for Windows. The 

Maximum Likelihood (ML) procedure was used for parameter estimation, with ROBUST 

estimates of the standard errors. The ROBUST procedure is recommended when data are 

multivariate non-normal (Bentler, 1989; Byrne, 1994). For the heroin use data, the 

normalized mardia coefficient = 4.82, slightly above the cut-off range of 3 to 4, 

indicating multivariate nonnormality (P. Bentler, personal communication. June, 1999). 

In this unconditional model, the error variances for the heroin use measure at all 

five time points were allowed to vary freely. The ability to allow error variance to vary 

freely is advantageous for researchers studying change over time for many reasons, one 

of which is that it allows for direct assessment of the sphericity assumption (discussed 

previously) on which the traditional fixed-effects models are based. By allowing the error 

terms to vary and to covary freely over time, the researcher can assess if the variance of 

the outcome of interest is indeed homogeneous over time, as assumed under conditions of 

sphericity. LGM also allows the researcher to estimate the covariances between the latent 

grovsth factors, which is useful when questions about the relation between where one 

starts at baseline and characteristics of the growth trajectory are of interest. In the 

unconditional growth model, all of the growth factors were allowed to covar>' freely. 

Model fit indices were used to assess how well the specified growth model fit the 

observed data. These indices included the chi square statistic because it is standard to 

report. As noted by Hu and Bentler (1998), the standard chi square test was originally 

developed to serve as a guide to assess model adequacy, in which a nonsignificant chi 
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square indicated adequate model fit. However, it is unclear whether a significant chi-

square reflects model misspecification, power of the test, or violation of a technical 

assumption underlying the estimation method, therefore alternative fit indices were 

developed as additional measures of model fit. Based on data simulation studies, Hu and 

Bentler (1998) recommend a two-index presentation strategy for researchers using the 

Maximum Likelihood (ML) estimation procedure: report the standardized root mean 

square residual (SRMR) and supplement this with one of 7 other indices, including the 

Comparative Fit Index (CFI). They note that the average absolute standardized residual 

(AASR) computed by EQS has an identical rationale as SRMR and should perform the 

same. Therefore the AASR and the CFI were computed to assess the adequacy of the 

unconditional growth models. For the AASR. smaller values closer to zero indicate better 

fit. while a CFI > .90 is a conventional heuristic to indicate acceptable model fit. A CFI > 

.95 indicates very good model fit. 

Aikake's Information Criterion (AlC) was used for comparing the fit of various 

unconditional growth models. The AIC is used to select the best fitting model fi-om a 

number of models (using the same population sample), because it takes into account both 

the statistical goodness of fit and model parsimony (Bentler. 1989). The model with the 

minimum AIC reflects the best fit and parsimony. Several unconditional growth models 

for heroin use were tested and assessed first for model fit. then compared using the AIC 
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index. The best fitting growth model was selected for use in the subsequent conditional 

growth model, in which predictors of the growth parameters are added.^ 

The unconditional growth model for cocaine use was specified and assessed 

following the similar methods. However for cocaine use, both confirmatory and 

exploratory approaches were used to specify potential growth trajectories. These models 

were also compared using the aforementioned fit indices and AIC, and the best fitting 

model was selected. The growth factors estimated from this model were used as 

predictors of the heroin use growth factors in the subsequent conditional growth model to 

assess if change in cocaine use predicted change in heroin use.^ 

When specifying the unconditional growth model, one can also estimate the 

growth factor means, i.e. the average intercept and slope(s). In EQS. adding the variable 

V999 to the unconditional growth model allows one to estimate the growth factor means. 

As described in Lawrence and Hancock (1998), V999 is a constant equal to "1" for all 

individuals, therefore it has no variance and cannot covary with other variables or factors 

in the model. By placing it in the LGM as a predictor of intercept and slopes, it makes 

these factors endogenous rather than exogenous, so they have disturbance terms. Because 

there is no variance in V999 it cannot explain variance in the intercept or slopes; 

therefore the growth factors' variances are modeled in the disturbance terms. The path 

coefficients from V999 to each of the factors are the estimated mean intercept and mean 

slope(s). For the present study, growth factor means were estimated using this method. 

' Tiie unconditional growth models that were specified and compared for both heroin and cocaine use are 
detailed thoroughly in the Results section of this paper. 

Similar to the IRA method, one of the advantages of LGM is the ability to model time-varying predictors 
of change, e.g.. cocaine use over time. 
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After the proper growth function was determined via assessment of model fit and 

model comparison of the unconditional growth models, the Level 2 or conditional growth 

model was specified. This involved specifying the same predictors of the heroin use 

growth factors as those that were used in the IRA analyses. Thus AGE_1USE, the 

cocaine use intercept factor (i.e. baseline cocaine use), TXNOMTGl, and TX were 

hypothesized to directly affect the heroin use intercept factor (i.e. baseline heroin use). 

Also, AGE_1USE, AVGTXMTG, TX, the cocaine use intercept and slope factors, and 

the heroin use intercept factor were hypothesized to directly affect the heroin use linear 

slope factor. These predictors along vvith the lower order polynomial slope were 

hypothesized to directly affect the higher order polynomial slope. In other words, the 

linear slope was hypothesized to directly affect the quadratic slope, and the quadratic was 

hypothesized to directly affect the cubic slope. 

Additional model specifications included the following: the error variances of the 

heroin and the cocaine measures at all five time points were allowed to vary freely; the 

error terms of the heroin measure at each of the five time points were freed to covary 

with the respective error term of the cocaine measure (e.g., the error term of heroin use at 

time I freely covaried with the error term of cocaine use at time I); the cocaine use 

growth factors were allowed to freely covary with AGE_1USE. AVGTXMTG. and 

TXNOMTGl. Figure 2 illustrates the conditional growth model tested. 

INSERT FIG. 2 ABOUT HERE 
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Both the unconditional and the conditional growth models were applied only to 

data sets A and B, the only 2 data sets where individuals had complete data. Although 

MacCallum et al. (1997) note that modem estimation techniques for LGM can now 

handle unbalanced or incomplete data, these new estimation procedures were not 

available in most commercial software for fitting LGM's, including EQS at the time of 

the present study. The new estimation procedures were not used because they were not 

yet widely available and therefore results from such an analysis likely would not apply to 

how LGM is carried out currently by the majority of researchers. 

Hierarchical Linear Modeling (HLI^I) 
The HLM analysis was conducted using SAS version 6.1 for Windows. The SAS 

procedure PROC MIXED was used following Singer's (1999) recommendations. As she 

noted, other statistical programs are currently available for analyzing multilevel models, 

however PROC MIXED is attractive because it allows the researcher to conduct data 

reduction, management, and analysis all within a single statistical package. Perhaps 

another attractive quality is the clear, step-by-step tutorial provided by Singer (1999) 

describing PROC MIXED with individual growth models. Comparisons between results 

of multilevel model analyses using PROC MIXED and HLM, a standard multilevel 

modeling statistical package, indicate that these procedures produce virtually the same 

results (Qu, 1997; Singer, 1999). PROC MIXED uses REML or Restricted Maximum 

Likelihood, as the default method of estimation. 

Similar to the IRA and LGM analytic procedures, the first step in multilevel 

modeling of longitudinal data is to compute an unconditional growth model. In order to 
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remain consistent with the other individual growth modeling techniques, a third order 

polynomial function for growth was specified first. This model specified four fixed 

effects: the intercept, and the linear, quadratic and cubic effects of TIME. Additionally, 

five random effects were specified: the intercept, the three slopes associated with the 

linear, quadratic and cubic effects of TIME, and the within-person residual. Time was 

parameterized in such a way that the intercept represented initial status, by setting TIME 

= 0 for baseline data. Because the other time points were equi-distant from each other, the 

remaining time scores were specified as 1, 2, 3 and 4 for the 6, 12. 18 and 24 month data 

collection periods, respectively. (For comparability, time was parameterized similarly in 

the IRA and LGM models). 

One of the advantages to the HLM method is the ability to specify the structure of 

the intercept and slope variance-covariance matri.x. For the present study, this matrix was 

specified as "unstructured." i.e.. these values were allowed to be freely estimated rather 

than restricting them to other types of commonly specified structures, such as compound 

symmetr>' (CS), which specifies homogeneous variances and covariances (Littell. 

Milliken. Stroup 8c Wolfinger, 1996). The "unstructured" option indicates that the 

variances and covariances for the growth parameters can be different, which as Singer 

(1999) asserts, is essential because they are not likely to be identical. 

In order to compare unconditional growth models to assess the growth fimction 

that best explained the data, several indices including the AIC index mentioned 

previously, or Schwarz's Bayesian Criterion (SBC) are available. For both the AIC and 

the SBC, a larger value indicates belter model fit. The opposite is true for these indices in 
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a LGM analysis. For Study 1, several unconditional growth models were compared using 

the AIC and SBC to assess which model posited the best fitting growth, trajectory for 

heroin use. Because both indices reflected the same results, only the SBC results are 

discussed. 

The unconditional growth model was applied to data sets A and B. To illustrate 

one of the advantages of HLM for analyzing change, i.e. that complete and time-

structured data are unnecessary for these models to be estimable, the HLM model was 

applied to data set D (the original data set without data deletion or imputation) as well. 

The next step after identifying the optimal unconditional growth model was to 

specify the conditional or Level 2 model, in which the predictors of change were added. 

The same predictors of change were used in the HLM model as were specified in the IRA 

and LGM analyses, however some of these predictors were coded differently. In PROC 

MIXED, time variant predictors can be added to conditional growth models, just as in the 

IRA and LGM procedures. However, in the IRA and LGM analyses, these time variant 

processes were represented by either growth parameters/factors in the case of cocaine 

use. or a summary variable (the average over the 2-year period) in the case of number of 

treatment meetings attended over time (the AVGTXMTG variable). In the HLM analysis, 

the raw data for each of these variables at each time point were used. 

Fi.\cd Effects Models 

Repeated Measures Analysis of Covariance (RMA) 
The RMA analysis was conducted using SPSS version 8.0 for Windows. The 

RMA model was specified to compare the hypotheses about change and predictors of 
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change in heroin use over time as directly as possible with the individual growth 

modeling procedures. For the RMA model, the within-subjects variable was heroin use 

over the past 30 days for each of the five time points. The between-subjects factor was 

TX (treatment group). The AGE IUSE and AVGTXMTG covariates specified in the 

model were the same as those in the other analyses. However, change in cocaine use had 

to be represented differently for this model than in the individual growth models. Change 

in cocaine use was represented by a difference score (i.e. baseline minus 24-month 

follow-up) because a time-variant predictor cannot be modeled in the RMA model. 

Additionally, the TXNOMTGl variable used as a predictor of the intercept growth 

parameter in the IRA and LGM models was not used in the present model, because there 

is no estimated heroin use intercept in this model. Polynomial contrasts were selected to 

compare results witli the Level 1 models specified in the individual growth modeling 

analyses. Given that the traditional fixed-effects models require complete data, the RMA 

model was applied to data sets A and B only. 

Pretest Posttest Analysis of Covariance (ANCOVA) 
For the ANCOVA model of change, change in heroin use vvas depicted as a 

difference score in which heroin use at the final follow-up (i.e., 24 months) was 

subtracted from baseline heroin use. Similar to the RMA model, the between-subjects 

factor was treatment condition (TX) while the covariates were the same as those used in 

the RMA model: AGE_1USE, change in cocaine use represented by a difference score, 

and AVGTXMTG. Like the RMA zuid LGM models, the ANCOVA model was applied 

to Data Sets A and B only. 
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Study #2: Change in Delinquent Behaviors over a 10-year period for an 11 year-old 
Cohort 
Measures 

The data used for Study 2 were collected as part of the National Youth Survey 

(NYS), a longitudinal study involving a national sample of American youth selected by 

area probability sampling (Elliott, 1976). The data were collected at the beginning of 

each year from 1977 through 1981. and then in 1984 and in 1987 (for a total of seven 

waves), covering events and behavior that occurred during the previous year. Seven age 

cohorts were included in the NYS, ranging in age from 11 to 17 at baseline for a total of 

1725 youths. Each age cohort was of approximately equal size. For the purpose of the 

present study, only the data from the youngest age cohort was included, for a total of 252 

youths. However, because there were two 11 year olds in seven of the households 

surveyed at baseline, the data for only one of these two children were retained. Thus the 

final sample size for the present study was 245. During the seven data collection periods 

of the NYS. these youths were interviewed at age 11. 12. 13, 14. 15. 18 and 21. 

For the present study, the focus was on measuring and predicting change in the 

self-reported rate of delinquent behaviors from age 11 to age 21. Rate of delinquent 

behaviors (DQ) was measured by standardizing the responses to items questioning "how 

many times in the past year" the youth engaged in 26 different delinquent behaviors, such 

as damaging family property, buying stolen goods, carrying a hidden weapon, etc. 

Responses to these items ranged from 1 ("never") to 9 ("2-3 times/day").The items 

The deliqnuency scale consisted of 40 items at each of the 7 data collection periods. However, only 26 of 
the original 40 items were retained for each of the 7 time points, so only those 26 items were retained for 
the delinquency measure. 
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were standardized because there was substantial variability in the individual items over 

time, which could lead to mistaken conclusions about changes in overall rates of 

delinquency. The standardization procedure involved taking the mean for each item at 

baseline, and subtracting that mean from the individual's item score at each of the seven 

time points. The mean of these differences from the baseline average was then calculated, 

and that mean represented DQ at each of the seven time points. Thus scores close to zero 

indicated little deviation from the baseline mean, with positive scores indicating change 

in a more delinquent direction, and negative scores indicating change in a less delinquent 

direction. 

Each youth's gender was recorded as a categorical variable, where 1= male and 0 

= female. Youth attitudes toward deviance (DEVATT) were measured by asking the 

youth at each of the seven data collection periods, to estimate how wrong, on a scale 

ranging from I ("not wrong at all") to 4 ("very wrong"), each of 9 deviant behaviors is for 

themselves or someone their age. Because there was little variability in each of these 

items, the mean item score was used. Thus higher scores represent greater perceived 

"wTongness" of deviant behaviors. Exposure to deviant peers (DEVPEER) was measured 

by asking each youth how many of their close friends have engaged in each of 9 

delinquent behaviors in the past year, with responses ranging from I ("none of them") to 

5 ("all of them"). These items were standardized in the same manner in which DQ was 

standardized, for the same reasons. Thus positive scores represented an increase in 

e.xposure to deviant peers when compared to baseline, and negative scores reflected a 

decrease in exposure. Scores near zero reflected little change in DEVPEER from 
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baseline. Finally, the youth's perception of negative parental labeling was measured by 

asking each youth to indicate the extent to which his/her parents would agree with each 

of a set of descriptive labels that could be applied to the youth. Responses ranged from 1 

("strongly disagree") to 5 ("strongly agree"), and for the present study, only responses to 

negative labels (e.g., "messed up," "needs help," etc.) were summed. High scores reflect a 

strong perception of negative labeling by parents. 

Prior to conducting any of the analyses, all of the independent variables were 

mean-centered following Singer's (1999) recommendation, with the exception of the 

TIME and SEX variables. Mean-centering facilitates interpretability of the fixed effects 

in the HLM model when all other covariates = 0. By mean-centering the covariates, a 

value of 0 is meaningful, representing the average for that covariate. A value of 0 for 

TIME represented baseline and for SEX represented females. The mean-centered data 

was used for the other analyses as well to facilitate comparison of results. 

Questions Regarding Change 

Study 2 represents another category of questions regarding change that is 

prevalent in the social sciences: questions regarding developmental changes or 

trajectories with respect to a particular phenomenon. As Curran and Muthen (1996) 

observe, developmental theories typically conceptualize change as a continuous trajectory 

over time. Within this trajectory, age of onset, acceleration or deceleration in rate of 

change, and plateaus in rate of change are all of interest for developmental theorists. 

Furthermore, within the overall change trajectory, opportunities exist for individual 
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differences. It is often tJiat these individual differences are of greatest interest when 

studying development over time (Burchinal & Appelbaum, 1991; Curran & Muthen, 

1996). For e.xample, children can differ in age of onset, rates of acceleration and 

deceleration, and in levels of final plateau (Curran «& Muthen, 1996). Another key 

question is how characteristics of the individual and his/her environment influence this 

development. 

For Study 2. the interest was in modeling developmental changes in rate of 

delinquent behaviors from age 11 to age 21. This study did not involve an intervention, 

therefore the natural trajectory of rate of delinquent behaviors from young adolescence to 

young adulthood was of interest. The following questions with respect to change drove 

the analyses for Study 2: (a) what type of growth best characterized the natural trajectory 

of rate of delinquent behaviors from young adolescence to young adulthood? (b) Were 

there individual differences in these trajectories? (c) Do the youth's gender, the youth's 

perceptions of negative parental labeling at 11 years old (e.g., "how much would your 

parents agree that you are a bad kid?"), the youth's attitude toward deviance over the 10-

year period, and the youth's exposure to delinquent peers over the 10-year period predict 

change in rate of delinquent behaviors? and (d) Do gender differences in attitudes toward 

deviance and e.xposure to delinquent peers over the 10-year period predict change in rate 

of delinquent behaviors? 

As noted in Study 1, the purpose of the present study is to compare methods for 

analyzing change over time rather than to make substantive statements regarding 

developmental aspects of delinquent behavior, therefore the models were deliberately 
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specified to be simple. The outcome of interest was self-reported rate of delinquent 

behaviors (DQ), and the hypothesized predictors of DQ included the youth's gender 

(SEX), the youth's perceptions of negative parental labeling (BADKID), the youth's 

attitude toward deviance (DEVATT), and the youth's exposure to delinquent peers 

(DEVPEER). 

Data Analyses 

Missing Data 

Similar to Study 1, missing data considerations were addressed before the 

specification of growth models. These considerations were the same as those noted for 

Study 1. The data set for the present study included 245 youths from the youngest cohort 

that were first interviewed when they were 11 years old. Table 2 provides a description of 

the pattern of missing data for rate of delinquent behaviors, the dependent variable, over 

all 7 data collection periods. As the table illustrates, the percent of individuals missing 

data increased with each subsequent wave of data collection. As noted for Study 1, this 

pattern of missing data is common with longitudinal analyses. 

INSERT TABLE 2 ABOUT HERE 

Because the five analytic methods remained the same for Study 1 and Study 2, the 

same types of data sets were created for both studies. However, prior to creating these 

data sets, two individuals were deleted from the data due to extreme and probably invalid 
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scores on the delinquency measure. These two individuals endorsed engaging in each of 

the 26 delinquent behaviors "2-3 times/day." Because it is implausible that anyone could 

be involved in some of these behaviors 2-3 times/day (e.g., stealing cars, being paid to 

have sex), the responses of these two individuals were deemed as invalid and thus 

deleted. Therefore, the full data set used for Study 2 included 243 participants. Data set A 

consisted of the listwise deleted data (N = 158), and data set B represented the imputed 

data set (N=227). For data set B, missing values were imputed based on the data present 

for those with a minimum of 5 of the 7 observations for the dependent variable, which 

was approximately 93% of the sample. Missing more than 20% of observations (roughly 

2 out of the 7) would likely yield questionable imputed values, following Little and 

Rubin's (1987) recommendations. These imputations were based on individual 

regressions in which a third order polynomial was specified, the hypothesized underlying 

trajectory for the dependent variable. Similar to Study 1, data set C consisted of data in 

which some values were missing for the dependent variable, which is allowable for the 

IRA analysis. Although the IRA analysis would have been able to handle up to 3 out of 7 

observations missing per individual, only 2 of the 7 observations missing were allowed 

(N=226), again in accord with Little and Rubin's (1987) recommendations. Finally, as in 

Study 1. data set D contained all of the original data (N=243), without imputations or 

deletions, to highlight the ability of the HLM analysis to handle incomplete data. 

Individual Growth Modeling Methods 

Individual Regressions Analysis (IRA) 
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As in Study 1, time was parameterized first. Because the focus of the present 

study was change in rate of delinquent behavior from age 11 to age 21, age 11 was 

specified as time = 1. With baseline (or T1) scored in this manner, an intercept would be 

estimated for time = 0, thereby providing a more reliable estimate of where the youth 

would have started in terms of delinquent behaviors, given the hypothesized change 

trajectory. The subsequent time scores were specified based on the interval between data 

collection periods, therefore time = 2, 3. 4, 5, 8 and 11 were specified for Waves II, III, 

IV, V, VI and VII (or T2 to T7) respectively. Next, the Level I or unconditional growth 

models were specified using different flinctional forms or types of trajectories, based on 

hypotheses regarding change in rates of delinquent behavior for this age group. A second 

order polynomial growth fimction was first specified based on the e.xpectation that for 

some, rate of delinquent behavior would increase as the youth approached mid-

adolescence (i.e. 15 or 16 years old) and then decrease as the youth approached adulthood 

(21 years old). Similar types of developmental curves have been empirically supported 

for delinquency (Muthen & Muthen, in press). Next, a third order polynomial trajectory 

was hypothesized to capture a more complicated trajectory if it existed, for greater 

generalizability. As discussed in Study 1. a second order polynomial growth trajectory 

would be subsumed under a third order polynomial growth fimction. The results of both 

analyses could then be compared to determine whether the cubic component added 

anything useful to the Level I model. The third order polynomial Level 1 model was 

specified by the following linear equation: 



A Comparison of Five Methods 
60 

Rate of delinquency = TIME + TIME" + TIME^ 

represented mathematically as 

yit = Poi + Pr.Xii + p2iX"u + p3iX^it + e ii 

where y,, is the measure of rate of delinquent behaviors for individual i at time r, Poi is the 

intercept or baseline estimate of rate of delinquent behaviors for individual /; Pn, P2i,and 

p3i are the linear, quadratic and cubic slope estimates, respectively, for individual /; and e 

ii is the residual for individual / at time i. Thus for each individual and each data set, four 

growth parameters were estimated: the intercept, the linear, quadratic and cubic slopes. 

As in Study 1. the Level 1 models were tested using individual regression 

analyses in SAS version 6.1 for Windows. These models were applied to data sets A. B 

and C. described previously. The adjusted R~ for each individual was then obtained to 

assess the fit of the unconditional model. Also similar to Study 1. several of the 

predictors of change in the dependent variable were time variant variables, or variables 

for which values varied over the 10-year time period. These time variant variables were 

"exposure to deviant peers" (DEVPEER) and self-reported "attitudes toward deviance" 

(DEVATT). Therefore Level 1 models were specified for these two variables as well, to 

obtain growth parameters to use as independent variables for the Level 2 model. A third 

order polynomial trajectory was hypothesized for each of these two independent variables 

for the same reasons as those specified for the delinquency model. Other growth 

trajectories were explored as well, including a reciprocal function of time, or 1/time. and 

the square root of time, to hypothesize slow change over time. 
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The Level 1 models for the dependent as well as the time variant independent 

variables were selected based on the best fit as indexed by the average adjusted R", and 

the adjusted R" for the 33'^'' and the 50"^ percentiles. The growth parameters from these 

models were then added to the other predictors of change in DQ for the Level 2 model. 

As in Study 1, the Level 2 model was specified using hierarchical linear 

regression. These models were also applied to data sets A. B and C. In step L the 

predictors of the delinquency intercept growth parameter (or estimated baseline) were 

entered in the following order: the child's gender (SEX); the intercept growth parameter 

for exposure to deviant peers (DP INT); the intercept growth parameter for attitudes 

toward deviance (DA_INT); perceived negative parental labeling at baseline (BADKID); 

and two interaction terms, SEX x DP_INT and SEX x DA_INT to assess whether gender 

moderated the effects of exposure to deviant peers and altitudes toward deviance with 

respect to delinquency. 

In step 2. the delinquency linear growth parameter became the dependent variable 

and the independent variables included the delinquency intercept (DQ_INT) entered first, 

followed by the variables in the previous model, specified in the same order, followed by 

two more interaction terms, SEX x exposure to deviant peers linear growth parameter 

(DP_LINE) and SEX x attitudes toward deviance linear growth parameter (DA_LINE). 

In step 3, the delinquency quadratic growth parameter was the dependent variable. The 

independent variables included the delinquency linear growth parameter (DQ_LINE) 

entered first, followed by those predictors of the linear growth parameter, in the same 

order just described, with two more interaction terms. SEX x exposure to deviant peers 
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quadratic growth parameter (DP QUAD) and SEX x attitudes toward deviance quadratic 

growth parameter (DA_QUAD). Finally, in step 4, the delinquency cubic growth 

parameter was the dependent variable, and the independent variables included the 

delinquency quadratic growth parameter (DQ QUAD) entered first, followed by the 

predictors of the quadratic growth parameter in the same order just described. Two more 

interaction terms were entered last, SEX x exposure to deviant peers cubic growth 

parameter (DP_CUBE) and SEX x attitudes toward deviance cubic growth parameter 

(DA_CUBE). The adjusted R" for each step of the Level 2 models was obtained to assess 

model fit. 

Latent Growth Curve Modeling (LGM) 

As in Study 1. both the unconditional and conditional growth models were 

estimated using EQS version 5.1 for Windows. Similarly, both a confirmatory and an 

explorator>' approach were used for specification of the unconditional growth model for 

rate of delinquency (DQ). First, a third order polynomial growth model was specified a 

priori. This model required that four latent or unobserved growth factors, the intercept, 

linear, quadratic and cubic components of growth, be specified and estimated. Several 

modifications of this model were tested as well." Next, an exploratory model in which 

the time scores or factor loadings were allowed to be freely estimated, was specified. As 

in Study 1, model fit was assessed by using the AASR and CFI. as well as the standard 

Chi-Square statistic. Model comparisons were made using the AlC. and the unconditional 

growth model evidencing the best fit was chosen. For all of the models. ma.ximum 
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likelihood was used for parameter estimation, with ROBUST estimates of the standard 

errors. 

The same procedures were followed for estimating unconditional growth models 

for the two time variant predictors, DEVPEER and DEVATT. Again, confirmatory 

models were initially tested, followed by exploratory models in which the time scores 

were allowed to be freely estimated. Model fit was assessed, and models were compared 

using the AIC. The best fitting unconditional growth models for DEVPEER and 

DEVATT were selected based on the AIC. Each of the unconditional growth models for 

DQ. DEVPEER and DEVATT were included in the conditional growth model. 

The growth factors for DEVPEER and DEVATT were used as predictors of the 

DQ growth factors. The exogenous variables SEX and BADKJD were also included as 

predictors of the DQ growth factors. 

Hierarchical Linear Modeling (HLM) 

As in Study 1, the HLM analysis was conducted using PROC MIXED in SAS 

version 6.1 for Windows. First, the unconditional growth model was specified for the 

dependent variable, rate of delinquent behaviors (DQ). To remain consistent with the 

other individual grouih modeling techniques, a third order polynomial function for 

growth was specified. The unconditional growth model specified 4 fixed effects: the 

intercept and the linear, quadratic and cubic effects of TIME. Additionally, 5 random 

effects were specified: the intercept, the 3 slopes associated with the linear, quadratic and 

cubic effects of TIME, and the within person residual. TIME was parameterized such that 

'' A complete description of the various models is included in the Results section. 
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scores were 0. 1, 2, 3, 4, 7, and 10 to represent the seven data collection periods. The first 

wave of data collection was parameterized as 0 so that the intercept could be interpreted 

when TIME = 0. As in the previous models, the quadratic effect of time (TIME") was 

calculated by squaring each of the time scores, and the cubic effect of time (TIME^) was 

calculated by cubing each of the time scores. Additionally, the variance/covariance 

matrix for the random effects was specified as unstructured, for the reasons described in 

Study 1. 

Similar to the IRA and LGM analyses, "exposure to deviant peers" (DEVPEER) 

and the youth's self-reported "attitudes toward deviance" (DEVATT) were treated as time 

variant independent variables. But rather than representing these predictors with 

estimated change parameters, observed values at each data collection point were used. 

Additionally, with the exception of the TIME and SEX variables, all of the independent 

variables were mean-centered to facilitate interpretability of the fixed effects when all 

other covariates = 0. A value of 0 for TIME represented baseline and for SEX represented 

females. 

The initial conditional growth model specified TIME, TIME" and TIME^ as fixed 

effects. Along with these variables, SEX, DEVPEER, DEVATT. BADKJD, and the 

interaction of each of these covariates with each of the time variables (i.e. TIME. TIME", 

and TIME"') were specified as fixed effects. Only the growth parameters, including the 

intercept, TIME, TIME", and TIME^ were initially specified as random effects within the 

model. Another conditional growth model in which DEVPEER and DEVATT were 

specified as random effects was also hypothesized. Additionally, the structure of the 
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variance/covariance matrix for the random effects was specified as "unstructured." for the 

reasons discussed in Study 1. Schwarz's Bayesian Criterion (SBC) was used to compare 

each of these conditional growth models to select the model exhibiting the best fit. 

Fixed Effects Models 

Repeated Measures ANCOVA (RMA) 

As in Study I, the RMA analyses were conducted in SPSS version 8.0 for 

Windows. The within-subjects variable was rate of delinquent behaviors at each of the 

seven time points. The between-subjects factor was the youth's gender (SEX). The 

covariates were baseline exposure to deviant peers (DEVPEERI), baseline attitudes 

toward deviance (DEVATTl), BADKID, DEVPEER, and DEVATT. Unlike the 

individual growth modeling analyses, the RMA analysis does not allow for time variant 

covariates, therefore change in DEVPEER and DEVATT were represented as difference 

scores (baseline score minus the 10-year score measured at wave 7). Several interaction 

terms were also added as covariates, SEX x DEVPEERI, SEX x DEVATTl, SEX x 

DEVPEER, and SEX x DEVATT. To remain consistent with the individual growth 

modeling analyses, all of the covariates were mean-centered. Polynomial contrasts were 

conducted to test the linear, quadratic and cubic effects of time for the dependent 

variable. Because traditional fixed effects models require complete data, the RMA 

analyses were applied to data sets A and B only. 

Pre-test Post-test Analysis of Covariance (ANCOVA) 
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The ANCOVA analyses were also conducted in SPSS version 8.0 for Windows. 

For the ANCOVA model, change in rate of delinquent behaviors was depicted as a 

difference score in which rate of delinquency measured at the final wave (i.e. 10 years) 

was subtracted from baseline rate of delinquency. The between-subjects factor was the 

youth's gender (SEX) while the covariates remained the same as those used in the RMA 

model. The ANCOVA model was also applied to Data Sets A and B only. 

Robustness of Statistical Indices of Change 
Another purpose for the present study was to compare the five methods in terms 

of their robustness. In the present study, robustness refers to the utility of a method under 

a variety of data conditions, which included missing data and multivariate normormal 

data. Several of the methods used in the present study require that all data at each 

measurement occasion be available for all individuals. Additionally, all of the methods 

assume either univcu-iate (i.e. IRA, RMA, ANCOVA) or multivariate (i.e. LGM, HLM) 

normally distributed data. Moreover, some of the methods assume that the errors 

associated with each measurement over time are independent and normally distributed. 

However, these assumptions are often untenable with respect to change in the phenomena 

of interest to social scientists. For example, as Nich and Carroll (1997) obser\'e, missing 

data is often unavoidable in longitudinal studies, despite intensive efforts to track 

individuals. Furthermore, many of the outcomes of interest to social scientists are not 

normally distributed, nor are error terms independent across time. Therefore, some of the 

restrictive conditions on which the statistical assumptions of growth modeling procedures 

are based are often untenable and not feasible. However, some of the statistical 
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procedures may not be significantly affected by conditions in which these assumptions 

are not met. In other words, these data analytic methods might be robust to some or all of 

these assumptions. A comparison of the results across these procedures under a variety of 

conditions in which the underlying assumptions are violated should allow for an 

assessment of robustness to these conditions. If the statistical conclusions within a 

procedure under a variety of data conditions are different, then one would suspect that 

that procedure is not robust to those conditions. 

For the present study, to address robustness in the presence of missing data, data 

sets were broken down into subsamples for direct comparisons both within and between 

the five analytic procedures. These subsamples included data sets A. B, C and D, 

described previously. The RMA and ANCOVA methods require complete data, as does 

the LGM method as it is currently used by the majority of investigators, therefore these 

methods were applied to only data sets A and B. The HLM and IRA methods allow for 

missing data, although for the individual regressions to be estimable, the IRA method 

requires a minimum number of observations necessziry to estimate a particular change 

function. Therefore the IRA method was applied to data sets A. B, and C. The HLM 

method does not require complete or balanced data, and therefore this method was 

applied to data sets A, B and D. Table 3 summarizes which data sets were used for which 

analyses for studies I and 2. 

INSERT TABLE 3 ABOUT HERE 
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To assess robustness in the presence of non-normally distributed data, results 

from the methods based on parameter estimation procedures known to be more sensitive 

to violations of this assumption were compared to results from the methods that have 

been demonstrated to be more robust to nonnormal data. The methods based on OLS 

estimation procedures require normally distributed random errors for efficient parameter 

estimation and accurate hypothesis testing (Bryk & Raudenbush, 1992). The ML 

estimation procedures used in the LGM and HML methods have been demonstrated to be 

more efficient in terms of parameter estimation (Br>'k &. Raudenbush. 1992; Littell, 

Milliken, Stroup, &. Wolfinger, 1996). Standard errors of the estimates are minimized 

with the ML procedures, which also has consequences for hypothesis testing. 

Within-method comparisons involved comparing the means and standard errors of 

(1) the estimated growth parameters for the individual growth models. (2) the outcome at 

each time point for the RMA, and (3) the difference score for the ANCOVA method, 

obtained from each of the data subsets to which the method was applied. These 

comparisons allowed for the assessment of differences in conclusions regarding the 

"typical" trajectory (for the individual growth models) or amount (for the traditional 

models) of change. The standard errors of the estimate, variance estimates and the 

associated significance tests were also compared within-methods to assess whether the 

data subsets provided different results with respect to within-subjects differences in 

change. Similarly, results of significance tests for the predictors of change were 

compared within-methods to assess whether the data subsets provided different results 

with respect to between-subjects differences in change. 
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Between-methods comparisons were also conducted to assess whether the various 

estimation procedures provided disparate information with respect to typical change, the 

shape of change, individual differences in change, and the predictors of change. Again, 

mean growth parameters, measured outcomes at each time point, and difference score as 

well as the standard errors associated with these statistics were compared across the 

individual growth models. RMA and ANCOVA, respectively. Because statistical indices 

regarding the shape of the trajectory change and individual differences in that shape are 

not directly comparable across methods, the statistical inferences about these domains of 

change were compared. Finally, results from significance tests and the magnitude of the 

relation between predictors of change and the outcome were compared across methods, to 

assess whether the different methods provided different conclusions regarding 

interindividual differences in change. 
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RESULTS 

Similar to the previous section, the following description of the results for each of 

the five analyses are divided into two larger sections. Study 1 and Study 2. Within each 

of these sections, results as they relate to the relevant questions with respect to change are 

addressed. 

Stud>'#l: Change in Heroin Use over 24 months Associated With Methadone 
Treatment 

Again, the questions regarding change for Study 1 were: (a) Is change in heroin 

use associated with the type of treatment received? (b) What type of trajectory best 

characterizes the pattern of change in heroin use for these individuals receiving 

methadone treatment? (c) Do individuals differ in their pattern of change in heroin use? 

(d) Are there systematic differences between individuals with respect to patterns of 

change (i.e. are there exogenous variables that predict the pattern of change)? 

Descriptives 

Prior to conducting the longitudinal analyses, a descriptive analysis for each of 

the variables within each of the 4 data sets was conducted. The results are presented in 

Table 4. 

INSERT TABLE 4 ABOUT HERE 
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Individual Regressions Analysis (IRA) 

Level 1 Model 

As noted previously, the same third order polynomial growth function was 

specified for heroin use for each individual, for each of the three data sets, A (listwise 

deleted data, N=274), B (imputed missing data, N=307), and C (those with a minimimi of 

4 of 5 observations, N=300). Individual differences in this function were assessed by 

creating individual growth plots to visually inspect the growth curves (see Figure 3), by 

computing the adjusted R" for each individual, and by calculating the standard deviation 

and the 95% confidence intervals about the mean growth parameters. The standard error 

of the mean was also calculated. 

INSERT FIGURE 3 ABOUT HERE 

To assess how well the third order polynomial growth function described change 

in heroin use for each individual, an adjusted R" was obtained for each individual for 

each of the three data sets. However, it is important to note that other types of trajectories 

are subsumed under the third order polynomial. Specifically, individuals could have a 0 

slope for any of the three slope parameters, or any combination of those parameters. For 

example, one individual might have a cubic and quadratic slope = 0 (thus exhibiting a 

linear trajectory), while another might have a linear slope = 0 (thus exhibiting a quadratic 

plus cubic trajectory). For data set C (those with a minimum of 4 waves of data), 156 of 

the 307 individuals (about 50%) had non-zero slopes for all three slope parameters. 
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Twenty-three individuals had non-zero slopes only for the quadratic and cubic slope 

parzimeters. Twelve had a quadratic slope = 0 (indicating a linear plus cubic growth 

trajectory), and 31 had a cubic slope = 0 (indicating a linear plus quadratic growth 

trajectory). These are just a few of the types of individual change trajectories subsumed 

under the third order polynomial change function. 

The mean adjusted R~ for each data set is presented in Table 5. Individual 

adjusted R~ ranged widely, from -0.43 to 1.00, suggesting substantial individual 

variability in the fit of this type of trajectory. However, approximately 50% of the 

participants had an adjusted R" > .83, the equivalent of explaining 4 of the 5 data points 

for heroin use. Approximately two-thirds of the participants had an adjusted R* > .60, the 

equivalent of explaining 3 of the 5 data points for heroin use. This evidence suggests that 

the chosen growth function described the change in heroin use quite well for two-thirds 

of the participants. Figure 3 illustrates growth plots for six individuals, representing 

individual growth curves for which the trajectory fit 100% (adjusted R~ = 1.0). for which 

it explained 80% (adjusted R" = .80), 60% (adjusted R" = .60), 40% (adjusted R" = .40), 

20% (adjusted R^ = .20), and 0% (adjusted R^ = 0.00) of the variability of heroin use over 

time. 

INSERT TABLE 5 ABOUT HERE 

The same methods were used to assess the Level 1 model for cocaine use. As 

noted previously, a third order polynomial growth function was specified for cocaine use 
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as well. Table 5 also includes the results for cocaine use. For this growth model, 

individual adjusted R'also ranged widely, from -0.30 to 1.0, indicating great individual 

variability in the fit of this type of growtli function. Appro.ximately 50% of the 

participants had an adjusted > .63, while approximately two-thirds of the participants 

had an adjusted R" > . 17. Thus for cocaine use, a third order polynomial trajectory 

explained approximately 3 of the 5 data points for 50% of the participants. However, for 

another 18% of the individuals, the trajectory explained the equivalent of 1 of the 5 data 

points, indicating poor fit. 

Heroin and cocaine use growth parameter descriptive statistics for data sets A, B 

and C are also presented in Table 5. As noted previously, the metric in which heroin and 

cocaine use was measured was number of days of the past 30 in which the substance was 

used, with a maximum of 30 and a minimum of 0. Results from the IRA method 

indicated that for all 3 data sets, the average estimated baseline use of heroin was 

approximately 13 days of the past 30. as indicated by the mean intercept estimate. 

However, as inde.xed by the standard deviation, there was great variability in estimated 

baseline use. For data set C, the estimated heroin use intercept ranged from -5.0 to 35.2! 

It is important to note here that obviously some individuals had estimated values for the 

heroin and cocaine growth parameters exceeding the "legal" limits of the original metric 

in which they were measured, i.e. some dropped below 0 or exceeded 30. These "illegal" 

values are due to the fact that the same polynomial growth function was specified in the 

Level 1 model for every individual, and the growth parameter estimates were based on 

that polynomial function. For some individuals, the third order polynomial model did not 
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accurately reflect change in heroin and/or cocaine use. therefore the estimated intercept 

and slopes for that individual were either over- or underestimated, depending on the 

individual's "true" trajectory. 

The average linear change in heroin use was a decrease by approximately 10 days, 

as indicated by the estimated mean linear slope. Again, the large standard deviation 

indicated substantial individual variability, and the estimates ranged from -70.2 to 59.6 

(for data set C). The average quadratic and cubic changes were an increase of about 5 

days (ranging from -34.7 to 43.9) and a decrease of less than a day (ranging from -7.1 to 

6.5) in heroin use, as indicated by the estimated mean quadratic and cubic slopes, 

respectively. Standard deviations also indicated substantial individual variability in these 

mean estimates. 

The correlation between the growth parameters is also of interest when exploring 

change trajectories. Table 6 presents the Pearson correlation coefficients for each of the 

pairs of possible correlations between the growth parameters. As illustrated in the table, 

all of the growth parameters are significantly associated with one another. Negative 

correlations between the intercept and slope parameters reflect that greater baseline 

heroin use is associated with lesser rates of change, while positive correlations reflect that 

greater baseline heroin use is associated with greater rates of change. Similarly, negative 

correlations between slopes indicate that greater change in one component is associated 

with lesser change in the other, while positive correlations indicate that greater change in 

one component is associated with greater change in the other. Additionally, the intercept 

had a moderate to strong association with the linear slope, suggesting that baseline heroin 
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use predicts immediate rate of change in heroin use. The relation between the intercept 

and the quadratic and cubic components of change ranges from moderate to small, 

reflecting that baseline heroin use is also associated with these change rate components. 

INSERT TABLE 6 ABOUT HERE 

Results for the cocaine use data for all 3 data sets indicated that the average 

estimated intercept for cocaine use was approximately 4 days (ranging from -3.7 to 32.4 

for data set C) of the past 30 (see Table 5). The average linear change was a decrease in 

cocaine use by approximately 1/2 day (ranging from -48.2 to 49.8), and the average 

quadratic and cubic changes were miniscule. much less than a 1/2 day. (Individual 

quadratic parameter estimates ranged from -31.6 to 31.7. while individual cubic 

parameter estimates ranged from -5.5 to 4.7). According to these results, the average 

pattern of change in cocaine use was a decrease over time from baseline levels. However, 

the magnitude of the standard deviation for each of the growth parameter estimates 

indicated substantial individual variability in these parameters and therefore in the change 

pattern. 

Level 2 Model 
The Level 2 model in an IRA analysis uses the growth parameters estimated in the 

Level 1 analysis as dependent variables to be predicted by a set of hypothesized 

variables. Four Level 2 models were specified for the present study, one model each to 

predict the intercept, linear, quadratic and cubic slopes. These models were estimated 
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using OLS within a hierarchical linear regression framework. The predictors for each 

Level 2 model were discussed previously and are listed in the order in which they were 

entered into the regression equations, in Table 7. 

INSERT TABLE 7 ABOUT HERE 

As illustrated in Table 7, results indicated that the predictors explained only 6% of 

the variability in baseline heroin use (Adjusted R" = .06). The regression constant and 

baseline cocaine use were significant predictors of the heroin use intercept. 

Next, a Level 2 model for the linear slope parameter was specified. As reported in 

Table 7, this model explained approximately 35% of the variability in the linear slope. 

Along with the constant in the regression equation, the heroin use intercept was 

statistically significant, suggesting that baseline heroin use predicted linear change in 

heroin use. The results indicated that the estimated intercept explained 90% of the 

explained variance of linear change in heroin use. None of the other predictors, including 

the cocaine growth parameters, were statistically significant. 

The Level 2 model for the quadratic slope parameter was specified next. The 

linear slope was entered as the first predictor, followed by all of the predictors of the 

linear slope. Together, these variables explained approximately 90% of the variability in 

the quadratic slope. For all 3 of the data sets (A, B and C). the heroin and the cocaine use 

intercepts, and the heroin and cocaine use linear slopes, were statistically significant 

predictors of the quadratic slope. For only data sets B and C, the cocaine quadratic and 

cubic slope parameters were also significant predictors of the heroin quadratic slope. The 
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heroin use linear slope accounted for approximately 80% of the explained variance in the 

quadratic slope, while the heroin use intercept accounted approximately seven percent. 

Of the cocaine use growth parameters, the quadratic slope explained the most variance, 

but it was trivial (approximately 2%). 

Finally, the Level 2 model for the cubic slope parameter was specified. The 

quadratic slope was entered as the first predictor, followed by all of the predictors of the 

quadratic slope. These variables explained virtually 100% of the variability in the cubic 

slope. The heroin use intercept, linear and quadratic slopes, as well as the cocaine use 

intercept, were statistically significant predictors of the cubic slope for all of the data sets. 

For data sets A and B. the cocaine use quadratic and cubic slopes were also statistically 

significant predictors, while for data set C, the average number of treatment sessions over 

the 2 year period was a statistically significant predictor, suggesting that missing data had 

an influence on results. The heroin use quadratic slope accounted for approximately 91% 

of the explained variance in the cubic slope, while the linear slope explained 

approximately 7% of that variance. The remaining statistically significant predictors 

explained a trivial amount of the variance. 

Summary 

Given the results of the IRA analysis, what can be concluded about change in 

heroin use? First, for all three of the data sets (A, B and C), the specified predictors 

AGE_1USE, baseline cocaine use, TXNOMTGl and TX. were able to e.xplain only 6% 

of the variability in baseline heroin use. Of the predictors of interest, baseline cocaine use 

was the only statistically significant one. Although statistically significant, baseline 
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cocaine use explained only 6% of the total variance in the heroin intercept. Age at which 

drugs were first used or the participant first became intoxicated, and number of 

psychosocial treatment sessions attended 6 months prior to baseline did not account for 

significant variability in baseline heroin use. 

For all three of the data sets, the Level 2 models reflected better prediction of 

change in heroin use, accounting for 35%, 90% and virtually 100% of the variance in the 

linear, quadratic and cubic slopes, respectively. For the linear component of change, the 

intercept accounted for approximately 90% of the explained variance, suggesting that 

baseline heroin use is a strong predictor of linear change in heroin use for this group of 

treated heroin users. For the quadratic change component, baseline heroin and cocaine 

use. and linear change in heroin and cocaine use were significant predictors. However, 

heroin linear change accounted for 80% of the variability in quadratic change. Baseline 

heroin use accounted for approximately 7% of the variability, and the cocaine baseline 

use and change parameters together accounted for a trivial amount of variance. Finally, 

for the cubic component, virtually all of the variance (91%) was accounted for by the 

heroin quadratic component. The remaining statistically significant predictors accounted 

for a trivial percent of the variance in this change parameter. The statistically significant 

predictors for data sets A and B varied somewhat from data set C. suggesting that missing 

data had an influence on the results of significance tests. 

Given the results of the IRA analysis, a number of conclusions can be drawn 

about change in heroin use with respect to a methadone treatment intervention. With 

respect to question (a), results from the Level 2 models indicated that treatment condition 
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was not a significant predictor of either baseline or change in heroin use. Regarding 

question (b), change in use was well characterized as a third order polynomial trajectory 

for about 50% of the participants in the study, and characterized change moderately well 

for another 16% of the participants. For the other one-third of the participants, a different 

model or models of change likely would have described their change trajectories better. 

Six individuals exhibited no change whatsoever in heroin use over the two-year period. 

Additionally, greater baseline heroin use was strongly associated with less linear and 

cubic rates of change and greater quadratic rates of change. Similarly, a greater linear rate 

of change was strongly associated with a lesser quadratic rate and a greater cubic rate of 

change. Finally, a greater quadratic rate of change was associated with a lesser cubic rate 

of change. On a related issue, question (c) concerned individual differences in growth 

patterns. Results from the IRA analysis indicated substantial individual variability in 

estimated growth parameters given the range of estimates and the standard deviations 

about the mean estimates. Furthermore, inspection of individual growth plots and 

individual adjusted R" for the third order polynomial growth trajectory also revealed 

substantial individual differences in the growth trajectory. 

Question (d) concerned the predictors of change in heroin use. Results from the 

IRA analysis indicated that baseline heroin use was not well predicted by age at which 

drug use and/or alcohol intoxication were first experienced, baseline cocaine use, or 

number of psychosocial treatment sessions attended 6 months prior to baseline. 

Furthermore, neither treatment condition, age at which drug use and/or alcohol 

intoxication were first experienced, nor average number of psychosocial treatment 
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sessions attended over the 2 year period, predicted change in heroin use. Baseline and/or 

change in cocaine use contributed only a trivial, although statistically significant amount, 

to the prediction of change in heroin use. By far, the strongest predictors of change in 

heroin use were baseline use as well as other components of that change. In other words, 

the linear component best predicted the quadratic component, which best predicted the 

cubic component of change in heroin use. 

Latent Growth Modeling f LGM) 

Unconditional Growth Model 

Similar to the IRA analysis, an unconditional growth model (the equivalent of the 

Level 1 model), was specified for heroin use and cocaine use. As noted previously, only 

data sets A and B were used. 

The growth function for the unconditional growth model for heroin use was 

initially specified as a third order polynomial, for consistency and comparability across 

the 5 analytic methods. The growth factors (the intercept, linear, quadratic and cubic 

slopes) were specified to covary freely with each other. This allowed for a test of the 

hypotheses that baseline heroin use was related to the rate of change over time in 

delinquent behaviors, and that the various components of that rate of change (linear, 

quadratic and cubic), were also related to each other. However, tests of the variances of 

each of the latent growth factors indicated nonsignificant variability in the cubic growth 

factor. Thus this factor was dropped and a second order polynomial growth model was 

assessed for fit and parsimony. Again, all of the latent growth factors were specified to 
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covary freely with each other. The fit statistics for this model indicated that this growth 

model fit the data very well, as reported in Table 8. Moreover, for this model, the AIC = 

-7.17, indicating superior model fit when compared to the third order polynomial growth 

model, for which the AIC = 0. A more parsimonious model specifying only linear growth 

was tested as well. This model exhibited poor to adequate model fit (e.g.. for data set*A, 

X" = 26.2. df = 7, p < .001; AASR = .06; CFI = .87), and when compared to the other two 

growth models, exhibited the poorest model fit (AIC = 12.2). 

INSERT TABLE 8 ABOUT HERE 

Given the model fit results, the second order polynomial growth model was selected to 

represent change over time in heroin use. Figure 4 illustrates this unconditional growth 

model. 

INSERT FIGURE 4 ABOUT HERE 

According to results for both data sets A and B, the variances for all three of the 

latent grov^th factors (intercept, linear and quadratic slopes) were significant, suggesting 

individual variability in baseline and change in heroin use. Furthermore, the variances of 

all but the 24 month measure of heroin use were significant, indicating individual 

variability in heroin use at each of the measured time points except at 2 year follow-up. 

Additionally, the intercept and linear slope were significantly correlated (e.g.. for data set 

A. r = -.74), indicating that greater baseline heroin use was associated with lesser linezir 
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rate of change. Furthermore, the quadratic growth component also significantly covaried 

with the intercept (r = .64), indicating that greater baseline heroin use is associated with 

greater quadratic change. Finally, the linear and quadratic growth components covaried 

significantly (r = -.95), indicating that the greater the linear drop in heroin use, the greater 

the quadratic change in heroin use. 

Latent growth factor means were also estimated using the mean structures 

teclinique outlined earlier. The mean for the each of the growth factors is presented in 

Table 8. The means for each of the 5 time points were also calculated. According to the 

results, the average heroin use in number of days of the past 30 at baseline, 6. 12, 18 and 

24 months was 13.40, 6.03, 7.21, 8.96, and 8.27, respectively. These results indicated a 

decrease in heroin use at 6 months, followed by a small increase. 

Similar methods were used to test an unconditional growth model for cocaine use. 

As noted previously, a third order polynomial growth model was specified first. Model fit 

statistics indicated adequate model fit (e.g., for data set A. AASR = .05; CFI = .90) 

although chi-square remained statistically significant (e.g., for data set A: = 11-97, df= 

4, p = .02). Therefore, other growth models were specified to find a better fitting model. 

A second order polynomial and a linear model were both tested, but fit indices suggested 

poor model fit for these growth functions. Therefore an exploratory model was tested, in 

which the growth parameters were allowed to be freely estimated. As expected, this 

model exhibited very good fit (see Table 8), and exhibited superior fit to the all of the 

hypothesized cocaine use growth models by producing the minimum AlC. According to 

this exploratory model, the time scores were estimated to be 0, 1. 0.75, 0.50 and -0.50. 
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Compared to a linear growth model, in which the time scores would be 0, 1, 2, 3, and 4 

and acceleration in growth would be equal across all time points, this growth model 

reflects the largest acceleration in change between baseline and 6 months and between 18 

months and 24 months, and a deceleration between 6 and 12. and 12 and 18 months. 

Results from this exploratory model indicated significant variance in the intercept 

but not in the slope factor, suggesting individual variability in baseline cocaine use but 

not in change over time. This is reflected in the mean cocaine use scores for baseline, 6, 

12, 18, and 24 months. For data set A, those means (reported in days out of the past 30 of 

cocaine use) were 3.6,4.1, 3.5, 3.2, and 2.3, respectively. However, results did indicate 

significant individual variability in cocaine use at each of the five time points. Finally, the 

intercept and slope growth factors covaried significantly (e.g., for data set A: r = .68), 

reflecting that those who reported greater cocaine use at baseline also experienced a 

greater rate of change in use over time. The mean intercept and slope growth factors are 

reported in Table 8. 

Conditional Growth Model 
After selecting growth models for both heroin and cocaine use, the conditional 

growth model was specified. The specified predictors were outlined previously, and the 

structural model is illustrated in Figure 2. The double-headed arrows represent 

covariances, while the single-headed eurows represent structural hypotheses. The error 

terms of the heroin use measure at each time point were hypothesized to covary with the 

error terms of the cocaine use measure at the same time point. Additionally, the cocaine 

use growth factors were hypothesized to covary with several of the other predictors of 
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change in heroin use. The heroin use intercept was specified to directly affect the heroin 

use linear slope factor and to indirectly affect the quadratic slope factor, reflecting the 

hypothesis that baseline use predicts change. The cocaine use growth factors were also 

specified to affect baseline and change in heroin use. 

Results for the conditional growth model suggest that for data set A, the model 

exhibits very good fit (AASR = .04; CFI = .95). However, chi-square remained 

statistically significant (x~ = 141.57, error df = 100. p < .01). For data set B. in which 

missing values were imputed, the AASR remained the same, but the CFI dropped just 

below the cut-off that indicates acceptable model fit (CFI = .88). The chi-square also 

remained statistically significant (x~ = 219.20, error df = 100, p < .01). These differences 

in model fit between data sets A and B suggest that missing data has an influence on 

statistical results regarding model fit. 

None of the predictors of baseline heroin use (TX, TXNOMTGl, AGE_1USE, 

and cocaine use intercept factor) were statistically significant for either data set. 

Furthermore, only approximately 5% of the variance in the heroin intercept was 

explained by these predictors. For the heroin use linear slope, results from both data sets 

indicated significant direct effects from the heroin use and cocaine use intercepts, 

although these effects were opposite: the effect of the heroin use intercept was negative 

while the effect of the cocaine use intercept was positive. This suggests that greater 

baseline heroin use wzis associated with a lesser linear rate of change, while greater 

baseline cocaine use was associated with a greater linear rate of change. Fifty-five 

percent of the variance in the linear slope was explained by this model. None of the other 
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predictors (TX, AVGTXMTG, and the cocaine use slope) had statistically significant 

direct effects on the linear slope. 

The same predictors for the linear slope, plus the linear slope itself, were used to 

predict the heroin use quadratic slope. For both data sets, only the heroin use intercept 

and linear slope had significant (and negative) direct effects on the quadratic slope, 

indicating that greater baseline heroin use and linear rate of change were associated with 

lesser quadratic rate of change. The model explained approximately 90% of the variance 

in the quadratic slope. 

For both data sets, the results of the variance tests indicated that all of the cocaine 

and heroin growth factors as well as the other independent variables (TXNOMTGl, 

AVGTXMTG, AGE_1USE) exhibited statistically significant individual variability. 

Cocaine and heroin use at each of the 5 time points also reflected significant individual 

variability. 

The results of the covariance tests for the error terms indicated that cocaine use at 

baseline and 6 months were significantly related, as were cocaine and heroin use at each 

of the 5 time points. Tests to assess the covariances of TXNOMTGl and AGE_IUSE 

with baseline cocaine use. and AVGTXMTG and AGE_1USE with change in cocaine 

use indicated no significant covariances. 

Summary 

What can be concluded about change in heroin use as a result of the LGM 

analysis? Results from the unconditional growth models suggest that a second order 

polynomial best described the trajectory of change in heroin use. Furthermore, a freely 
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estimated growth model with a nonlinear trajectory best described change in cocaine use. 

These results regarding the shape of change for heroin and cocaine use differ from those 

of the IRA analyses. 

Results from the conditional growth model were similar to tliose of the Level 2 

IRA analysis. First, the selected predictors explained a trivial amount of the variability 

(approximately 5%) in heroin baseline use. Second, the model was able to predict change 

in heroin use quite well. Specifically, baseline heroin and cocaine use predicted linear 

rate of change in heroin use, which predicted quadratic rate of change. In the IRA 

analysis, baseline cocaine use was not a significant predictor of linear change in heroin 

use. Finally, similar to the IRA results, TX, AGE_1USE, TXNOMTGl and 

AVGTXMTG did not contribute significantly to the prediction of change in heroin use. 

In addition, the LGM analysis supplied information about the error structure of 

the data. Results from the unconditional growth model analyses for heroin use. in which 

the error terms for each of the 5 time points were specified to equal 0. e.xhibited excellent 

model fit and trivial absolute average standardized residuals (AASR = .008). These 

results indicate that if the error terms truly covary, it is by a trivial amount that does not 

add anything to the explanatory power of the model. Results from the unconditional 

cocaine use model indicated that the error terms associated with the baseline and 6 month 

cocaine use measures covcuned significantly. Finally, the error terms for the heroin use 

measure covaried significantly with the error terms for the cocaine use measure at each of 

the time points, indicating that perhaps the measurement of these two constructs was not 

independent. 
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With respect to the previously outlined questions driving the change analyses for 

Study 1, a number of conclusions can be drawn about change in heroin use with respect 

to a metliadone treatment intervention. Regarding treatment effects addressed in question 

(a), results from the conditional growth model indicated that treatment condition was not 

a statistically significant predictor of baseline heroin use or change in heroin use. 

Regarding question (b), change in heroin use was better characterized by a second order 

than a third order polynomial trajectory. Moreover, a second order polynomial function 

appeared to characterize change in heroin use almost perfectly, according to model fit 

statistics. Question (c) concerned individual differences in these trajectories. Results from 

the unconditional growth model indicated significant individual variability in baseline use 

and linear and quadratic change, given the significant variance estimates for these growth 

factors. However, there was no individual variability in the cubic growth factor when it 

was tested. There was significant individual variability in reported heroin use at each of 

the first four time points, and no variability at the 2-year follow-up. suggesting that 

individuals ended up at approximately the same level of heroin use. 

Question (d) concerned the predictors of change in heroin use. Results from the 

conditional model indicated that the hypothesized predictors did not e.xplain much 

variability in baseline heroin use. Furthermore, neither treatment condition, age at which 

drug use and/or alcohol into.xication were first experienced, average number of 

psychosocial treatment sessions attended over the 2-year period, nor change in cocaine 

use predicted change in heroin use. As in the IRA analysis, the predictors of change in 

heroin use were baseline heroin and cocaine use, and the components of the change 
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trajectory. Significance tests of estimated variances indicated individual variability in age 

at which drugs were first used or intoxication due to alcohol use first occurred, number of 

psychosocial treatment sessions attended 6 months prior to baseline, and the average 

number of those treatment sessions attended over the 2-year period. 

Hierarchical Linear Modeling (HLM) 

Unconditional Growth Model 

As described previously, the unconditional growth model was applied to data sets 

A, B and D (original data, N=362). Several unconditional growtli models were specified 

for heroin use, to determine the best fitting model. Tliese included Model 1. a linear 

growth model in which the intercept and the linear slope were tested both as fixed and 

random effects; Model 2, a second order polynomial growth model, in which the 

intercept, linear and quadratic slopes were tested both as fi.xed and random effects; Model 

3, a third order polynomial growth model, in which the intercept, linear, quadratic and 

cubic slopes were tested both as fixed and random effects; and Model 4, a third order 

polynomial growth model, in which the intercept, linear, quadratic and cubic slopes were 

tested as fixed effects, but only the intercept, linear, and quadratic slopes were tested as 

random effects. Model 4 was specified because results from Model 3 indicated that the 

cubic slope exhibited a nonsignificant random effect, although it did exhibit a significant 

fixed effect. Schwarz's Bayesian Criterion (SBC) was used to compare the models and 

select the best one, as indicated by the largest model SBC. As illustrated in Table 9, 

Model 4 exhibited the best fit for all three data sets. Thus a third order polynomial in 

which only the intercept, linear and quadratic slopes were specified as random effects. 
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was chosen to represent change in heroin use for the conditional (or Level 2) growth 

model. 

INSERT TABLE 9 ABOUT HERE 

Conditional Growth Model 

After selecting Model 4 as the best fitting unconditional growth model for heroin 

use, the conditional model was specified for each of the 3 data sets. This model specified 

time, AGE_1USE, cocaine use, AVGTXMTG and TX as fixed effects. Time was 

parameterized as a linear (TIME), quadratic (TIME"), and cubic (TIME") term, in which 

the time scores were squared for the TIME^ variable, and cubed for the TIME^ variable. 

Interactions between these three time variables and each of the covariates were also 

specified as fixed effects, to test if the covariates moderated the effects of the linear, 

quadratic and/or cubic slopes. The intercept, TIME. TIME". TIME"* and cocaine use 

variables were all specified as random effects. Additionally, the variances and 

covariances of the random effects (the intercept, linear and quadratic slopes, and cocaine 

use) were specified to be freely estimated. 

For the tests of random effects, results indicated significant (p < .05) variances 

and covariances for each of the random growth parameters, suggesting individual 

variability in baseline and change in heroin use, and significant associations between the 

intercept and linear slope, intercept and quadratic slope, and linear and quadratic slopes. 

For example, results for data set D (the original data set) indicated a strong negative 

association between baseline and linear change (r = -.69), a strong positive association 
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between baseline and quadratic change (r = .62), and a strong negative association 

between linear and quadratic change (r = -.96). The directions of these correlations are 

similar to those found in the LGM and IRA analyses. Results were similar for data sets A 

and B. However, results for all three data sets also indicated non-significant variability 

for cocaine use, and non-significant covariance between cocaine use and each of the three 

random growth parameters. For example, results for data set D indicated a trivial 

association between cocaine use and the heroin use intercept (r = .05), linear change in 

heroin use (r = .02), and quadratic change in heroin use (r = .04). Results for data sets A 

and B indicated even smaller associations. Therefore, a conditional model was tested with 

cocaine use specified only as a fixed effect. Schwarz's Bayesian Criterion was used to 

compare this new conditional growth model with the previous model in which cocaine 

use was specified as both a fixed and a random effect. For all three data sets, the SBC 

indicated that the model with cocaine use specified only as a fixed effect exhibited better 

fit. Therefore this conditional model was selected. The remaining results reported 

(including those in Table 9) are for this conditional model. 

For the tests of fixed effects, the following main effects were statistically 

significant (g < .05) for all three data sets: the intercept, linear, quadratic, and cubic 

effects of time, and cocaine use. For the interaction effects, the TIME x COCAINE, 

TIME" x COCAINE and TIME^ x COCAINE terms were also statistically significant (p < 

.05), but for data sets A and B only.'^ These results indicated that for all of the data sets, 

the growth model and change in cocaine use over time were significant predictors of 
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change in heroin use. Furthermore, results for two of the data sets indicated that change 

in cocaine use moderated the linear, quadratic and cubic effects of time on change in 

heroin use. 

Despite significant fixed effects for some of the covariates in the conditional 

growth model, this model does not appear to add much explanatory power above the 

unconditional growth model in describing change in heroin use. For example, the residual 

term for the unconditional growth model for data set D was 74.64 (see Table 9), 

indicating the individual variance in change in heroin use beyond that accounted for by 

the intercept, linear and quadratic slopes. This residual term dropped to 71.58 for the 

conditional growth model, an improvement of only 4% in variance explained, despite the 

addition of all of the covariates to the model. Table 10 reports results from the 

conditional growth model for all three data sets. 

INSERT TABLE 10 ABOUT HERE 

By adding covariates to the unconditional growth model, the parameter estimates 

for the fixed effects also changed. For example, as illustrated in Table 10 for data set D, 

the fixed effect estimate for the intercept was 14.11. changed from 13.01 in the 

unconditional growth model (as reported in Table 9). These parameter estimates can be 

interpreted as the estimated number of days in heroin use out of the past 30. when all of 

the covariates are held at 0. For example, according to results from data set D, an 

For data set B. the linear time x cocaine use term was significant at 2 < -06 level. For data set D, the p-
values for these interaction terms ranged from .08 for the cubic time x cocaine use variable to .35 for the 
linear time x cocaine use variable. 
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individual who used drugs or drank alcohol to intoxication for the first time at age 13, 

and reported no cocaine use, an average of 10.72 treatment sessions every 6 months over 

the 2 year period, and who was assigned to the standard care/non-contingent treatment 

group, used heroin approximately 14 days of the past 30 at baseline.'"' That same 

individual showed a linear change in heroin use of -14.71 days out of 30, a quadratic 

change of 7.06 days out of 30, and a cubic change of - .96 days out of 30. 

Summary 

A variety of conclusions can be drawn about change in cocaine use with respect to 

methadone treatment, given the results of the HLM analysis. Results from the 

unconditional growth models suggest that a third order polynomial best described the 

trajectory of change in heroin use. However, there was virtually no individual variability 

in the cubic growth parameter, which is consistent with results from the LGM analysis. 

There was significant individual variability in baseline heroin use and the linear and 

quadratic aspects of change. Furthermore, there was significant individual variability in 

the covariances between baseline and change in heroin, further supporting the notion of 

individual differences in patterns of change in heroin use. 

Additionally, as in the IRA analysis, indices of variability (e.g.. confidence 

intervals, standard deviation, etc.) about the mean growth parameters indicated individual 

variability in change. For data set D, the mean intercept, linear, quadratic and cubic 

growth parameters were .32, -.03, -.20, and -.07. respectively. The standard deviations 

Because this individual reported no cocaine use over time, the interaction terms in the model would also 
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were 4.07, 4.44, 3.91, and 3.94, respectively, indicating large individual differences. 

Additionally, estimates for the intercept ranged from -9.4 to 13.02, while the linear, 

quadratic and cubic slopes ranged from -9.4 to 12.98, -9.4 to 12.71, and -9.4 to 12.35, 

respectively. Again, these wide ranges indicated substantial individual differences in 

growth. Finally, confidence intervals (95%) for the intercept (-.16 to .81), linear (-.56 to 

.50), quadratic (-.67 to .27), and cubic slopes (--54 to .40) also indicated individual 

variability in the mean estimates. Results for data sets A and B reflected even greater 

individual variability reflected in these indices. 

Results from the conditional growth model were similar to the IRA and LGM 

results in that TX, AGE_1USE, TXNOMTGI and AVGTXMTG did not contribute 

significantly to the prediction of change in heroin use. Although results indicated 

virtually no individual variability in cocaine use, this variable had a significant main 

effect on heroin use. However, also consistent with the IRA and LGM analyses, the 

addition of the covariates to the unconditional growth model added a trivial amount of 

e.xplained variance (approximately 4%) in change in heroin use. .A.s with the other two 

analytic methods, the unconditional growth model explained the majority of the 

variability in heroin use over time. 

With respect to the four initial questions about change in heroin use. a number of 

conclusions can be drawn. Regarding question (a), results from the conditional growth 

model indicated that treatment condition was not a statistically significant predictor of 

chjmge in heroin use. Regarding question (b), change in heroin use was better 

equal 0. 
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characterized by a third order polynomial trajectory with no individual variability in the 

cubic component of change. However, there is no information provided by an HLM 

analysis by which absolute model fit can be assessed (i.e. the proportion of total 

variability in heroin use captured by the growth trajectory), such as an R". Therefore the 

adequacy of this model of change could not be directly assessed. However, the magnitude 

of the veiriance e.xplained by the growth trajectory was approximately 1.4 times greater 

than the unexplained variance in change in heroin use. Question (c) concerned individual 

differences in these trajectories. Results from the unconditional growth model indicated 

significant individual variability in baseline use and linear and quadratic change, given 

the significant variance estimates for these growth parameters. Additionally, there was 

significant individual variability in the covariances between baseline and the linear and 

quadratic aspects of change, also indicating variable growth patterns for individuals. 

Question (d) concerned the predictors of change in heroin use. Results from the 

conditional model indicated that outside of the grovsth trajectory itself, the hypothesized 

predictors did not explain much variability in heroin use, accounting for only an 

additional 4% of the variability in heroin use over time. This conclusion is consistent 

with the results of the IRA and LGM analyses. The predictors included the fixed effects 

(i.e. means) of the intercept, linear, quadratic and cubic slopes, and the main effect of 

change in cocaine use over the 2-year period. 

Repeated Measures ANCOVA CRM A) 

IVirhin-Subjects Model 
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For both data sets A and B, results from the RMA analysis indicated a significant 

effect for the within-subjects factor, heroin use over time (F = 22.21. df = 4. p <.05), 

indicating that heroin use changes significantly over time.'"' Mauchly's Test of Sphericity 

indicated that the data did not meet the sphericity assumption (Mauchly's W=.79, df=9, 

p< .05), reflecting individual differences in change over time. Therefore tests of within-

subjects effects were conducted using appropriate correction tests (e.g., Greenhouse-

Geiser). According to these tests, the only other significant within-subjects factor was the 

change in cocaine use x heroin use interaction, suggesting that change in cocaine use 

moderated change in heroin use. Eta-squared, a measure of the proportion of total 

variability attributable to a factor, indicated that this interaction explained approximately 

2% of the total variability in heroin use over time. 

Tests of within-subjects contrasts indicated statistically significant linear, 

quadratic and cubic components in the heroin use variable, and a significant linear 

component for the change in cocaine use x heroin use interaction. According to the eta-

squared statistic, the linear component explained 4%, while the quadratic and cubic 

components explained 11% and 15% respectively, of the variability in heroin use over 

time. 

Between-Subjects Model 

For both data sets A and B, the constant (F=471.53, df=l, p <.05) and 

AVGTXMTG (F=5.09, df=l, p <.05) exhibited statistically significant between-subjects 

'•"Due to space limitations, reported results for the RMA analysis are for data set A. Results for data set B 
are similar unless otherwise noted. 



A Comparison of Five Methods 
96 

effects. Eta-squared indicated that for both data sets, the constant accounted for 

approximately 65% of the total variability in heroin use, and AVGTXMTG accounted for 

only 2% of that variability. For data set B only, change in cocaine use was also a 

statistically significant between-subjects effect (F=7.75. df=l. p<.05). accounting for 3% 

of the variability in heroin use. Results from Levene's Test of Equality of Variances, 

which tests the null hypothesis that the error variance of the dependent variable (heroin 

use) is equal across groups, indicated that for data set A. the error variance for heroin use 

at 24 months was unequal across groups. For data set B, the error variance was equal 

across groups at all 5 time points. Table 11 presents results for the Between-Subjects 

model. 

INSERT TABLE 11 ABOUT HERE 

Summary 

Results from the RMA analysis provide some information with respect to change 

in heroin use. First, unlike the individual growth models, the shape of the change 

trajectory is not directly assessed in RMA. Instead, the focus of the RMA analysis is to 

compare mean scores on the delinquency measure at each time point and across time 

points. However the within-subjects polynomial contrasts provide indirect information 

about the change trajectory by assessing linear, quadratic and cubic trends in the repeated 

data. If successive rates of heroin use either increase or decrease at the same rate, this is 

evidence for a linear trend. If the slope chzmges as time increases, there is evidence for a 

quadratic trend. If the direction of the slope changes twice over time, it would suggest a 

cubic trend. Results from these contrasts indicated that the linear, quadratic and cubic 
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slopes were statistically significant, and that there was a significant linear slope for the 

heroin use x change in cocaine interaction. 

Second, also unlike the individual growth models, the RMA analysis does not 

provide information with respect to the prediction of estimated baseline heroin use, or the 

slope(s) of the change trajectory. Instead, RMA provides information about the predictors 

of the average heroin use score at each time point. Thus the significant predictor of heroin 

use at baseline for both data sets was change in cocaine use over the 24-month period (as 

inde.xed by a difference score from T1 to T5). However, this finding makes no sense in 

terms of chronological order, therefore in terms of what we can leam about predictors of 

baseline heroin use, it is meaningless. Hypothesis tests are conducted for each of the 

predictors at each of the time points, and for the between-subjects model, which provides 

an omnibus test of those predictors. According to the between-subjects analysis, the 

average number of psychosocial treatment sessions attended over the 2-year period was a 

statistically significant predictor of differences in mean heroin use from T1 through T5. 

However, this variable accounted for only 2% of the variability in heroin use over the 2-

year period. Data set B results indicated that change in cocaine use over the 2-year period 

(as measured by a difference score) was also a significant predictor, but again, it 

accounted for a small proportion (3%) of the variability in heroin use. 

With respect to the four initial questions about change in heroin use, a number of 

conclusions can be drawn. Regarding question (a), results from the between-subjects 

model indicated that treatment condition was not a statistically significant predictor of 

change in heroin use. Furthermore, Levene's Test of Equality of Error Variances 
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indicated that the six treatment groups did not differ significantly with respect to 

variability in heroin use at each time point.'^ Regarding question (b). RMA does not 

define change as a continuous process, but rather as the differences in the mean scores on 

the dependent variable. Thus change trajectories are not a focus with this type of analysis. 

However, within-subjects polynomial contrasts provided information that there was a 

significant linear, quadratic and cubic slope for heroin use over time, which is consistent 

with the HLM results indicating significant fixed effects for each of these slope 

parameters. The cubic trend accounted for the greatest proportion (approximately 15%) 

of the curvilinear trend in heroin use over time. 

Question (c) concerned individual differences in these trajectories. The RMA 

analysis does not provide information that directly assesses individual differences in 

change trajectories over time. However, it does provide information about variability in 

the mean score for the dependent variable at each time point. This information is indexed 

by within-subjects tests of equality of error variances and standard deviations for mean 

scores at each of the time points. For the present analysis, within-subjects tests indicated 

that the data do not meet the sphericity assumption, i.e. individuals do not change in the 

same manner over time. Standard deviations presented in Table 4 indicate substantial 

individual variability in heroin use at each time point. Again, this information does not 

directly address differences in change patterns over time, only in scores at different time 

points. 

" E.vcept at the 2-year follow-up period, according to data set B, there was significant between-groups 
variability. 
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Question (d) concerned the predictors of change in heroin use. Results from the 

between-subjects model indicated that the average number of non-intervention related 

treatment sessions attended over the 2-year period was a statistically significant predictor 

of change in mean scores for heroin use at each of the time points. Data set B indicated 

tliat change in cocaine use was also a statistically significant predictor. Tlie results 

concerning change in cocaine use are consistent with results from the individual growth 

modeling analyses. However, although statistically significant, these variables accounted 

for only 2%-3% of the total variability in mean heroin use over time. The linear. 

quadratic and cubic trends in change in mean heroin use contributed 2-4 times as much 

explained variance. 

Pretest/Posttest Analvsis of Covariance CANCOVA) 

The ANCOVA analysis was also applied to data sets A and B only. Results from 

both data sets indicated that there was a statistically significant main effect of the 

constant (F=32.68. d{=l, p<.01) and change in cocaine use or CHG_COKE (F=18.23, 

df=l, p<.01).'^ Change in cocaine use accounted for approximately 8% of the explained 

variance in change in heroin use. The model fit was poor for both data sets (for data set 

A. adjusted R^ = .03; for data set B, adjusted R~= .05). indicating that at best, 

approximately 5% of the total variance in change in heroin use was explained by the set 

of specified predictors. Table 12 presents the results for the ANCOVA analysis. 

Again, because statistical conclusions from both data sets were similar, results are presented for data set 
A unless otherwise noted. 
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INSERT TABLE 12 ABOUT HERE 

Summary 

What can be concluded about change in heroin use given results from the 

ANCOVA analysis? First, change is characterized within this analysis as a difference in 

before and after, not as a continuous process as in the individual modeling techniques. 

Therefore there is no information regarding the trajectory of change between those time 

points. Furthermore, unlike the individual growth models, ANCOVA does not provide 

any information regarding the predictors of baseline delinquency. Rather than supplying 

information about the predictors of various components of the change trajectory, 

ANCOVA provides information about the predictors of the difference score for the 

dependent variable. Significance tests let us know that the relationship (i.e. the slope) 

between the predictor and the dependent variable, taking the other predictors into 

account, is non-zero. According to results of the ANCOVA analysis, change in cocaine 

use (also defined as a difference score), was the only significant predictor of change in 

heroin use. Information regarding the sums-of-squares for these predictors tells us that 

change in cocaine use accounted for approximately 8% of the variability in change in 

heroin use. Finally, information with respect to the percentage of variability in change in 

delinquency that is explained by the predictors is available via the model adjusted R". 

ANCOVA results indicated that the predictors explained about one-twentieth (5%) of that 

variability, indicating a poor predictive model. 
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With respect to the four initial questions about change in heroin use, the following 

conclusions can be drawn. Regarding question (a), results indicated that treatment 

condition was not a statistically significant predictor of change in heroin use. Regarding 

question (b), ANCOVA does not define change as a continuous process, but rather as the 

difference between before and after. Thus change trajectories are not a focus with this 

type of analysis. Question (c) concerned individual differences in change trajectories. 

Again, the ANCOVA analysis does not provide information that assesses change 

trajectories. However, the standard deviation for the difference score for heroin use 

indicated substantial variability in change from T1 to T5 (e.g., for data set A: 

MEAN=5.2, SD=15.2). Question (d) concerned the predictors of change in heroin use. 

Results from the between-subjects model indicated that change in cocaine use from Tl to 

T5 was a statistically significant predictor of change in heroin use from Tl to T5. 

However, the set of hypothesized predictors explained only 5% of the total variability in 

the heroin difference score, indicating a poor predictive model. 

Study#2: Change in Delinquent Behaviors in an 11-ycar-old Cohort Over a 10-year 
Period 

As noted previously the interest for Study 2 was in modeling developmental 

changes in rate of delinquent behaviors from age 11 to age 21. Thus the following 

questions regarding change drove the analyses for Study 2: (a) what type of growth best 

characterized the natural trajectory of rate of delinquent behaviors from young 

adolescence to young adulthood? (b) Were there individual differences in these 

trajectories? (c) Do the youth's gender, the youth's perceptions of negative parental 
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labeling at 11 years old (e.g., "how much would your parents agree that you are a bad 

kid?"), the youth's attitude toward deviance over the 10-year period, and the youth's 

exposure to delinquent peers over the 10-year period predict change in rate of delinquent 

behaviors? and (d) Do gender differences in attitudes toward deviance and exposure to 

delinquent peers over the 10-year period predict change in rate of delinquent behaviors? 

The following results for each of the five analytic methods are presented in reference to 

tliese four questions. 

Descriptives 

Prior to conducting the longitudinal analyses, a descriptive analysis for each of 

the variables, for each of the 4 data sets was conducted. The results are presented in Table 

13. 

INSERT TABLE 13 ABOUT HERE 

Individual Regressions Analysis (IRA) 

Level 1 Model 

.A.S in Study 1, the Level 1 model was specified using individual regression 

analyses using OLS. The same growth fiinction was specified for rate of delinquent 

behaviors for each individual, for each of the three aforementioned data sets. A. B and C. 

Tliat growth function was a third order polynomial, for the same reasons discussed in 

Study 1. Time was parameterized for Waves I through VII as 1.2, 3, 4. 5. 8, and 10, to 

reflect the intervals in number of years between data collection periods. These time 

scores were reflected in the linear change component (TIME) of the time variable. The 
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quadratic (TIME") and cubic (TIME^) components were calculated by squaring and 

cubing these time scores, respectively. 

As in Study I, to assess the Level 1 model fit for each individual, an adjusted 

was obtained for each individual for each of the three data sets. Again, as described in 

Study 1, it is important to note that other types of trajectories are subsumed under the 

third order polynomial. Thus the adjusted R" obtained for each individual indicated the fit 

for the growth trajectory, which might have included an estimated slope of zero for at 

least one of the slope parameters specified in a third order polynomial. Thirty individuals 

had an estimated linear slope = 0, and 30 had an estimated cubic slope = 0. Nineteen 

individuals e.xhibited no change over time, i.e. all slope estimates = 0. 

The mean adjusted R" for each data set is presented in Table 14. The range of 

adjusted R~ (indicated by the minimum and maximum values in Table 14) indicated that 

for some individuals, the growth model fit poorly, while for others, it fit perfectly. For all 

three data sets, approximately 50% of the participants had an adjusted R~ > .40, 

indicating that for half of the participants, a third order polynomial growth function 

explained a minimum of approximately 3 of the 7 observations for rate of delinquent 

behaviors over the 10 year time period. About 8% of the participants exhibited no change 

in rate of delinquent behaviors over the 10-year period. 

These same methods were used to assess the same growth function for exposure 

to deviant peers (DEVPEER) and the youth's self-reported attitudes toward deviance 

(DEVATT), both of which would be used as predictors in the Level 2 model. Table 14 

includes the results for DEVPEER and DEVATT for each of the 3 data sets as well. For 
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DEVPEER, approximately 50% of the participants had an adjusted R" > .50, while 

approximately 50% of the participants had an adjusted R^ > .40 for DEVATT. Thus 

overall these growth models described a minimum of 3 of the 7 observations for both 

these variables, for half of the participants. 

Growth parameter descriptive statistics for DQ, DEVPEER and DEVATT for 

data sets A, B and C are also presented in Table 14. As noted previously, the metric in 

which DQ, DEVPEER and DEVATT were originally measured was converted, so the 

descriptive statistics are not directly interpretable in the original metric. As illustrated in 

the table, the mean growth parameters for DQ and DEVPEER vary between data sets, 

particularly the imputed data set (data set B). indicating sensitivity to missing data. The 

estimates for DEVATT are similar across all 3 data sets. 

INSERT TABLE 14 ABOUT HERE 

As noted in Study 1. the correlation between the growth parameters is also of 

interest when exploring change trajectories. Table 15 presents the Pearson correlation 

coefficients for each of the pairs of possible correlations between the growth parameters 

for data set C.'^ As illustrated in the table, all of the growth parameters are moderately to 

strongly associated with one another. Again, negative correlations between the intercept 

and slope parameters reflect that greater baseline delinquency is associated with lesser 

rates of change, while positive correlations reflect that greater baseline delinquency is 

associated with greater rates of change. Similarly, negative correlations between slopes 
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indicate that greater change in one component is associated with lesser change in the 

other, while positive correlations indicate that greater change in one component is 

associated with greater change in the other. 

INSERT TABLE 15 ABOUT HERE 

Level 2 Model 
As in Study 1, four Level 2 models were specified: one model each to predict the 

intercept, linear, quadratic and cubic slopes representing change in rate of delinquency. 

Again, these models were estimated using OLS within a hierarchical linear regression 

framework. The predictors for each Level 2 model are listed in the order in which they 

were entered into the regression equations, in Table 16. 

INSERT TABLE 16 HERE 

Results in Table 16 indicate that the predictors explained approximately 1% to 8% 

of the variability in baseline rate of delinquency (DQ_INT), depending on the data set. 

For data set C, the adjusted R^ was the lowest. Which of the predictors obtained 

statistical significance (p < .05) also depended on which data set was used. For all three 

data sets, the constant was a statistically significant predictor of DQ_INT. For data set B, 

the youth's perceived parental labeling also significantly predicted DQ_INT. while for 

data set C, p = .06 for this variable. For data set B, the interaction between gender and the 

estimated intercept for attitudes toward deviance was also statistically significant. 

" The results for data sets A and B were similar, although the correlations were slightly larger between the 
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Although these predictors were statistically significant, they accounted for only a small 

percent of the total variance of DQ INT as indicated by the adjusted R^. 

The next Level 2 model predicted the linear slope parameter for delinquency rate 

(DQ_LrNE). As reported in Table 16, this model explained approximately 82% to 87% 

of the variability in the linear slope, again, depending on the data set. In all 3 of the data 

sets, the constant, DQ_INT, and the estimated linear slope for DEVPEER were all 

significant predictors of DQ LINE. For data sets B and C, the estimated intercept for 

DEVPEER was also a statistically significant predictor. For all 3 data sets, DQ_rNT 

explained approximately 80%, while the estimated linear slope for DEVPEER accounted 

for approximately 6% of the variability in DQ_L1NE. 

Next, a Level 2 model was specified for the quadratic slope parameter 

(DQ QUAD). DQ LINE was entered as the first predictor, followed by all of the 

predictors of the linear slope. Together, these variables explained approximately 95% of 

the variability in the quadratic slope. For all 3 of the data sets, DQ LINE, DQ_rNT. and 

the estimated intercept, linear and quadratic slopes for DEVPEER were statistically 

significant predictors of DQ_QUAD. For data sets B and C, the estimated linear and 

quadratic slopes for DEVATT, as well as the interaction between gender and the linear 

slope estimate for DEVATT were also statistically significant predictors of DQ_QUAD. 

Finally, only for data set C, the interaction between gender and the quadratic slope 

estimates for DEVPEER and DEVATT were statistically significant predictors of 

DQ_QUAD. For all 3 models, DQ_LINE accounts for greater than 80% of the variance 

intercept and tlie cubic slope and the linear and cubic slope. 
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in DQ_QUAD. The variable that accounted for the next largest percentage of variance in 

the dependent variable was the quadratic slope estimate for DEVPEER. accounting for 

approximately 7% of the total variance. The remaining statistically significant predictors 

accounted for a trivial amount of the variability in DQ_QUAD. 

Finally, the Level 2 model for the cubic slope parameter (DQ CUBE) was 

specified. DQ_QUAD was entered as the fu"st predictor, followed by all of the predictors 

of the quadratic slope. These variables explained virtually 100% of the variability in the 

cubic slope. Significance test results varied substantially for this Level 2 model, 

depending on the data set. For all 3 of the data sets, DQ INT, DQ LINE, DQ_QUAD, 

and the interaction between gender and the estimated cubic slope for DEVPEER were all 

statistically significant predictors of DQ_CUBE. For data sets A and B, the interactions 

between gender and the estimated linear and quadratic slopes for DEVPEER were also 

statistically significant predictors of DQ_CUBE. For data sets A and C. a statistically 

significant effect for gender was found. For data set C only, the estimated intercept, 

linear, quadratic and cubic slopes for DEVPEER were statistically significant predictors 

of DQ QUAD. By far, the strongest predictor of DQ_CUBE was DQ QUAD, which 

accounted for greater than 90% of the variability in DQ_CUBE. The remaining predictors 

accounted for a trivial percentage of the total variance in DQ_CUBE after the effect of 

DQ_QUAD was partial led out. 

Summary 
Given the results of the IRA analysis using the described models of change, a 

number of conclusions can be drawn about change in rate of delinquent behaviors for this 

age cohort over a 10-year period. First, the IRA analysis provides information with 
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respect to the shape of the change trajectory. Using the individual adjusted R~ from the 

Level 1 model, it can be concluded that a third order polynomial trajectory well-

characterizes change in rate of delinquency for about 35% of the individuals in the study, 

if "well-characterizes" is defined as explaining a minimum of 5 of the 7 observations 

over the 10-year period. However, on average, a third order polynomial trajectory 

explained approximately half of the 7 observations for the present sample of this age 

cohort. Thus, although a third order polynomial function was hypothesized to enhance the 

generalizability of the change trajectory in rate of delinquency, it still did not adequately 

describe change for a substantial percent of the individuals in the present study. 

Second, the IRA analysis provides information with respect to the percentage of 

variance explained by the hypothesized set of predictors, for the various components of 

change, i.e. baseline as well as the rate and direction of change. Results for the IRA 

analysis, for all three of the data sets, indicated that the specified predictors explained less 

than 10% of the variability in baseline rates of delinquent behavior. The predictors 

accounted for more variance in the other change components, accounting for 

approximately 80%, 95% and virtually 100% of the variance in the linear, quadratic and 

cubic slopes, respectively. 

Third, the IRA analysis provides information with respect to the strength of the 

relationship between the predictors and the various components of change in 

delinquency. For the present study, the regression equation constant accounted for the 

largest percent of the variability (approximately 5%) in the intercept, while the predictors 

of interest explained very little. For the linear component of change, the intercept 
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accounted for greater than 80% of the explained variance, suggesting that baseline rate of 

delinquency was a strong predictor of linear change for this age cohort. For the quadratic 

change component, baseline rate and linear change in rate of delinquency, as well Jis 

linear and quadratic change in exposure to deviant peers were consistently found in all 3 

data sets to be statistically significant predictors. However, linear change in rate of 

delinquency alone accounted for greater than 80% of tlie variability in quadratic change. 

The quadratic slope estimate for exposure to deviant peers accounted for approximately 

7% of the variability in quadratic change, while the remaining predictors accounted for a 

trivial amount of variance. Finally, for the cubic component, virtually all of the variance 

(more than 90%) was accounted for by the quadratic component of change in rate of 

delinquency. The remaining statistically significant predictors accounted for a trivial 

percent of the variance in this change parameter. For all 3 of the data sets, the variables 

that consistently remained statistically significant included the estimated baseline, linear 

and quadratic slopes for rate of delinquency, as well as the interaction between gender 

and the estimated cubic slope for exposure to deviant peers. 

Thus, neither the youth's gender alone, nor parental labeling at baseline 

adequately predicted change in rate of delinquent behaviors. Baseline and changes in 

exposure to deviant peers and the youths' self-reported attitudes toward deviance, as well 

as gender differences in these variables added to the prediction of change in rate of 

delinquency, but only by a trivial amount. By far, the strongest predictors of change in 

rate of delinquency were baseline rates as well as other components of that change. In 
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Other words, according to the models used in this study, baseline and the growth 

trajectory best explained the change. 

Fourth, information with respect to individual differences in change is available 

through the IRA analysis in a variety of ways. Individual growth plots provide visual 

information with respect to individual patterns of change. Figure 3 illustrates growth 

plots for individuals in which the growth function explained 100%. 80%, 60%, 40%, 20% 

and 0% of the variability in change in delinquency. The average or "typical" growth 

curve is included as well-

Additionally, the individual regression analyses provide an adjusted R" for each 

individual, indicating the fit of the specified growth trajectory for each individual. 

Furthermore, indices of variability (e.g., confidence intervals, standard deviation, etc.) 

about the average growth parameters indicate individual variability in those parameters. 

Table 14 reports the mean intercept, linear, quadratic, and cubic slopes, and their standard 

deviations for delinquency, as well as exposure to deviant peers and attitudes toward 

deviance. The magnitude of the standard deviation with respect to the mean suggests that 

there is substantial individual variability in the growth parameters for all of these 

variables. 

Finally, given the results of the IRA analysis, the following conclusions with 

respect to the four questions regarding change outlined earlier can be made. Regarding 

question (a), the type of growth best characterizing the trajectory of rate of delinquent 

behaviors was a third order polynomial for about 35% of the individuals surveyed. For 

the remainder, this growth function was less than optimal. Nineteen individuals exhibited 
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no change over time in rate of delinquency. For the remainder, other trajectories of 

growth are needed to better capture the shape of change for these individuals. Concerning 

question (b), results indicated substantial individual differences in these trajectories given 

the range of adjusted R", the standard deviations for the growth parameter estimates, and 

the individual growth plots. With respect to questions (c) and (d), the youth's gender 

alone, and the perceptions of negative parental labeling at 11 years old do not appear to 

predict change in delinquency. However, gender differences in the youth's attitudes 

toward deviance and exposure to delinquent peers over the 10-year period do predict 

change in rate of delinquent behaviors. Yet, despite the fact that these predictors are 

statistically significant, they explain only a trivial amount of variability in change in 

delinquency. The hypothesized change trajectory explained the majority of the variability 

in the various aspects of growth characterized by the linear, quadratic and cubic 

components of the third order polynomial function. The hypothesized predictors for 

baseline delinquency explained a trivial amount of the variability in that variable as well. 

Latent Growth Modeling CLGM) 

Unconditional Growth Model 

Similar to the IRA analysis, an unconditional growth model was specified for 

delinquency, exposure to deviant peers and attitudes toward deviance. For reasons staled 

previously, only data sets A and B were used. 

The growth function for the unconditional growth model for delinquency was 

initially specified as a third order polynomial, for consistency and comparability across 
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the 5 analytic methods. The growth factors were specified to covary freely with each 

other, to test the hypotheses that the intercept (or baseline heroin use) was related to the 

acceleration of change over time, and that the various components of that acceleration 

(linear, quadratic and cubic), were also related to each other. The error terms were 

initially specified to covary in an autoregressive fashion (i.e., error at T1 covaried with 

error at T2, error at T2 covaried with error at T3, etc). However, for data set A, the model 

could not be estimated when error terms were allowed to covary, therefore the model was 

specified with error covariances equal to 0. The model fit statistics for this unconditional 

growth model indicated rather poor fit (CFI = .84. AASR = . 14). Conversely, for data set 

B the third order polynomial model could be estimated with error terms specified to 

covary in an autoregressive fashion, and the model fit was very good (CFI = .99, AASR = 

.03). 

A second order polynomial unconditional model was specified next to assess 

whether a more parsimonious model would exhibit better fit. For both data sets, the 

model was estimable allowing for autoregressive error covariances. For data set A, this 

second model exhibited adequate fit (AASR = .11; CFI = .90) and the AIC for this model 

(AIC=27.38) indicated better fit than for the third order polynomial model in which error 

terms did not covary (AIC=53.05). For data set B, the AIC for the third order polynomial 

model with covarying error terms (AIC = 1.20) indicated better fit than this second model 

(AIC=4.41). Given these results, the second order polynomial growth model with 

covarying error terms was selected to represent change over time in DQ for data set A, 

while for data set B, the third order polynomial model was selected. Obviously, this 
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becomes problematic for generalizing results across different types of missing data 

conditions. 

According to results from the robust estimates (correcting for multivariate non-

normality) for data set A, the variances for all three of the latent growth factors (intercept, 

linear and quadratic slopes) were statistically significant, suggesting individual variability 

in baseline and change in delinquency. Furthermore, the variances of all but the last 

measure of DQ were significant, indicating individual variability in delinquency at each 

of the measured time points except at 10-year follow-up. Additionally, all of the growth 

parameters covaried significantly with each other, as did the error terms from adjacent 

time points (e.g.. T1 and T2, T2 and T3, etc.). For data set B, results indicated significant 

variances for each of the four growth parameters (intercept, linear, quadratic and cubic 

slopes), indicating individual variability in baseline and change in delinquency. Variances 

in reported rates of delinquency at each of the seven time points were also statistically 

significant, indicating individual variability at each period. Correlations between the 

intercept and the other growth parameters were virtually zero, suggesting that baseline 

rates of delinquency were not related to rate of change in delinquency. Conversely, 

correlations between the linear, quadratic and cubic growth factors were all greater than 

.90, suggesting that the various components of change were strongly related. Finally, the 

error terms from adjacent time points covaried significantly, suggesting a lack of 

independence of measures over time. 
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Latent growth factor means were also estimated using the mean structures 

technique outlined earlier. The mean for the each of the growth factors is presented in 

Table 17. 

INSERT TABLE 17 ABOUT HERE 

Similar methods were used to test an unconditional growth model for exposure to 

deviant peers (DEVPEER) and attitudes toward deviance (DEVATT). A third order 

polynomial growth model was specified first for both of these variables. However, for 

DEVPEER, a second order polynomial model fit best, according to the AIC. For this 

model, fit indices reflected very good fit (e.g., for data set A: AASR=.05; CFI=.97). Each 

of the three growth factors varied significantly for data set A, while only the linear and 

quadratic growth factors varied significantly for data set B, indicating individual 

variability in the change factors. However, out of the seven data collection periods, 

significant individual variability occurred only at T2, T3. and T5 for data set A, and at T2 

and T3 for data set B. For both data sets, all grovsth factors covaried significantly. 

Correlations between the intercept and the slope factors ranged from r = .40 to r =.50 in 

absolute value, reflecting a moderate size relation between baseline exposure to deviant 

peers and rate of change in that exposure. 

For DEVATT, the third order polynomial model exhibited the best fit according 

to the AIC, for both data sets. For this model, fit indices reflected good fit for data set A 

(AASR=.IO; CFI=.91), and very good fit for data set B (AASR=.05; CFI=.97). For data 

set A, all four of the growth factors varied significantly, indicating individual variability, 

while for data set B, only the slope factors varied significantly. For data set A, 
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observations for DEVATT at T1 through T6 varied significantly, while for data set B, 

only those observations at T2, T3, and T5 varied significantly, reflecting individual 

variability at these time points and more homogeneous responses for these individuals at 

the remaining time points. Finally, for both data sets, all of the growth factors covaried 

significantly. Correlations between the intercept and slope factors ranged from r = .20 to r 

=.50 in absolute value, reflecting a moderate size relation between baseline attitudes 

toward deviance and change in those attitudes. 

The mean intercept and slope growth factors for delinquency, DEVPEER and 

DEVATT, for both data sets, are reported in Table 17. 

Conditional Growth Model 
The hypothesized conditional growth model is illustrated in Figure 5. To remain 

consistent with the other analyses, the structural model was specified so that change in 

attitudes toward deviance, change in exposure to deviant peers, gender and perceptions of 

negative parental labeling were tested as direct effects on either the intercept and/or 

growth factors for delinquency. Additionally, the effect of gender on initial status and 

rate of change of attitudes toward deviance and exposure to deviant peers were tested by 

specifying direct effects from SEX to the intercepts and slope factors for these time 

varying predictors. Because the unconditional growth models for delinquency, attitudes 

toward deviance, and exposure to deviant peers had all been estimated and exhibited 

good model fit, the factor loadings from each of these models were fi.xed in the 

conditional model. This allowed for a more confirmatory approach and the use of fewer 

model degrees of freedom. 
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FNSERT FIGURE 5 ABOUT HERE 

For both data sets A and B no solution for the conditional model was obtained. 

Condition codes specifying linear dependencies between factors and variables were 

constant and invalidated results for these models. Therefore, predictors were added 

systematically to the unconditional growth model to assist in troubleshooting where the 

problem might lie. However, the addition of any one of the predictors, including 

DEVATT and DEVPEER for which unconditional growth models were successfully 

estimated, resulted in the same condition codes. 

Although it is difficult to pinpoint the exact problem with the conditional model, 

there are several plausible explanations. First, the model may be too complex given the 

number of subjects for whom data exists. The listwise deleted data set included 168 

individuals, while the imputed data set included 237. The conditional model involved 210 

model degrees of freedom for the variances, covariances, and structural parameters 

specified to be freely estimated, without SEX and BADKJD exogenous variables yet 

added to the model. Second, the normalized mardia estimate equaled approximately 148, 

far exceeding the cut-off value of 3 or 4 indicating multivariate nonnormality (P. Bentler, 

personal communication, July 1999). Therefore the deviance of the data from a 

multivariate normal distribution may also be responsible for the difficulties in estimating 

the model. Various estimation methods were attempted, yet the model could not be 

validly estimated. 
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Summary 

Given the results of the LGM analysis, conclusions can be drawn about change in 

rate of delinquent behaviors only with respect to the unconditional growth models. As 

discussed above, the conditional growth model could not be successfully estimated. 

Regarding the shape of the change trajectory, results were inconsistent, depending on the 

missing data handling technique . For Data Set A (using listvvise deletion) a second order 

polynomial trajectory had the best model fit, while for Data Set B (using imputation) a 

third order polynomial trajectory exhibited the best fit. Thus, although a third order 

polynomial function was hypothesized to enhance the generalizability of the change 

trajectory in rate of delinquency, it still did not adequately describe change for a 

substantial percent of the individuals in the present study. 

The unconditional model also provides information with respect to individual 

differences in change via the estimated variances for the growth factors as well as the 

obser\'ed scores on the measure of delinquency at each of the 7 time points. Results 

indicate that individual differences exist for baseline as well as change in rate of 

delinquency. However, according to Data Set B, individual variability in rates of 

delinquency exist at all 7 time points, while results from Data Set A indicate individual 

differences at all but the last occasion of measurement (wave 7). 

Results were inconsistent between the two data sets with respect to the relation 

between baseline delinquency and change over time. According to Data Set A, baseline 

rate of delinquency was significantly related to change in rate of delinquency, while for 

Data Set B it was not. 
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Results for the unconditional growth models for exposure to deviant peers 

indicate that a second order polynomial appears to be the best model for the change 

trajectory. However, results from both data sets do not agree with respect to individual 

differences regarding baseline and change in this variable. According to Data Set A, 

individual differences exist in both baseline and rate of change, while results for Data Set 

B indicate no variability in baseline association with deviant peers. Results suggest that 

baseline exposure to deviant peers is moderately related to change in this variable. 

Results regarding the shape of the change trajectory for attitudes toward deviance 

indicate that a third order polynomial fits the data very well. Additionally, significant 

individual differences exist in rate of change in the youths' attitudes toward deviance 

according to both data sets. However, Data Set A indicates significant individual 

variability in baseline attitudes while Data Set B does not. 

Given the results of the LGM analysis, it is difficult to make valid conclusions 

with respect to the four questions regarding change outlined earlier. Regarding question 

(a), results were inconsistent between the two missing data conditions regarding the type 

of growth best characterizing the trajectory of rate of delinquent behaviors. In one case, a 

third order polynomial appeared to be best, while in the other case, a second order 

polynomial best described change. Concerning question (b), results indicated significant 

individual differences in these trajectories. With respect to questions (c) and (d), 

conclusions could not be drawn given that the conditional growth models were not 

estimable. These results illustrate the difficulty of fitting complex models of change using 
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LGM methods. Researchers should consider this difficulty when selecting the proper 

analytic method for analyzing change given the questions of interest regarding change. 

Hierarchical Linear Modeling (HLM) 

Unconditional Growth Model 
As described previously, the unconditional growth model was applied to data sets 

A (listwise deleted data, N=I86), B (imputed missing data, N=242), and D (original data, 

N=243). Several unconditional growth models were specified for rate of delinquent 

behaviors, to determine the best fitting model. These included Model 1. a third order 

polynomial growth model in which the intercept, linear, quadratic and cubic slopes were 

tested both as fixed and random effects; Model 2, the same polynomial growth model, in 

which the random effect for the cubic slope was dropped; Model 3. a third order 

polynomial growth model, in which the random intercept and cubic effects were dropped; 

Model 4, a second order polynomial growth model, in which the intercept, linear, and 

quadratic slopes were tested both as fi.xed and random effects; and Model 5, a second 

order polynomial growth model, in which the random intercept was dropped. Models 2 

and 3 were specified because results from Model 1 indicated that the intercept and cubic 

slopes exhibited virtually no variance, although they did exhibit significant fixed effects. 

Model 4 was specified to assess whether a second order polynomial model exhibited 

belter fit, given that a such a growth function is consistent with the literature (Muthen, in 

press). Model 5 was specified based on the results of Model 4, in which the intercept 

exhibited no variability. Schwarz's Bayesian Criterion (SBC) was used to compare the 

models and select the best one, as indicated by the largest model SBC. Table 18 presents 
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the results for Model I and Model 5, the two models exhibiting the best fit. Using the 

largest SBC as best model fit criteria. Model 1 exhibited the best fit for all three data sets. 

Thus a third order polynomial in which the intercept, linear, quadratic and cubic slopes 

were specified as both random and fixed effects, was chosen to represent change in rate 

of delinquency for the conditional (or Level 2) growth model. 

INSERT TABLE 18 ABOUT HERE 

Table 18 also presents the fixed effects for each of the growth parameters 

specified in the unconditional growth model. For Model 1, the intercept was the only 

statistically significant fi.xed effect for all three data sets, while for data set B. the cubic 

parameter was also statistically significant. Results for Model 1 also indicated that there 

was no individual variability in the intercept and cubic growth parameters, thus the 

random effects for these two variables were statistically non-significant. Conversely, the 

linear and quadratic growth parameters exhibited significant individual variability. 

Conditional Growth Model 
After selecting Model 1 as the best fitting unconditional growth model for DQ, 

the conditional model was specified for each of the three data sets. This model specified 

time, gender (SEX), exposure to deviant peers (DEVPEER), the youth's attitudes toward 

deviance (DEVATT), and perceived negative parental labeling by the youth (BADKID) 

as fixed main effects. Additionally, two interaction terms were added to assess whether 

gender moderated the effects of exposure to deviant peers (SEXPEER) or attitudes 
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toward deviance (SEXATT). Time was parameterized as a linear (TIME), quadratic 

(TIME"), and cubic (TIME^) term, in which the time scores were squared for the TIME^ 

variable, and cubed for the TIME*" variable. Interactions between these three time 

variables and each of the covariates were also specified as fixed effects, to test if the 

covariates moderated the effects of time. The intercept, TIME. TIME", TIME^ were all 

specified as random effects. Additionally, the variances and covariances of the random 

effects, i.e. the intercept, linear and quadratic slopes, were specified to be freely 

estimated. 

Similar to cocaine use in Study 1, DEVPEER and DEVATT were time variant 

variables. Thus the values for each of these variables at each of the 7 time points were 

used in the model. A conditional model in which these variables were tested both as fixed 

and random effects was specified, but for data sets A and D, this model did not converge. 

The results in Table 19 report the unstandardized fixed parameter estimates as well as 

significance tests for the conditional model in which only the intercept and TIME 

variables were specified as random effects. 

INSERT TABLE 19 ABOUT HERE 

For the tests of random effects, results indicated significant (p < .05) variances for 

the linear and quadratic growth parameters, suggesting significant individual variability 

in these components of the change trajectory. Consistent with the results from the 

unconditional growth model, the intercept and cubic growth parameters exhibited zero 

variability. Significance tests also indicated statistically significant covariances between 
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the intercept and linear, the quadratic and linear, the cubic and linear, and the quadratic 

and cubic delinquency growth parameters. These results suggest that baseline rate of 

delinquency is associated with linear rate of change in delinquency, and the linear, 

quadratic and cubic rates of change are all associated with each other. 

For the tests of fixed effects, the intercept and perceived parental labeling 

(BADKID) were the main effects found to be statistically significant (£ < .05) for all 

three data sets. The following interactions were also statistically significant (g < .05) for 

all tl-iree data sets: TIME x DEVATT. TIME" x DEVATT. TIME' x DEVATT, TIME x 

SEX x DEVATT, TIME" x SEX x DEVATT. TIME" x SEX x DEVPEER, and TIME" x 

SEX x DEVPEER. For data sets A and D, TIME^ x SEX x DEVATT was also 

statistically significant. These results indicated that baseline delinquency predicted 

change in delinquency, as did the youth's baseline perceived parental labeling. 

Furthermore, the effects of time on rate of delinquency were moderated by change in 

attitudes toward deviance, the gender differences in these changes in attitudes, and gender 

differences in change in exposure to deviant peers. 

Results in Table 19 also suggest that the specified conditional growth model 

added some explanatory power above that provided by the trajectory of growth 

hypothesized in the unconditional growth model, in describing change in rates of 

delinquent behaviors. The residual term for the unconditional growth models for all three 

data sets was 0.02 (see Table 18). which dropped to .017 for the conditional growth 

model, an improvement of about 15% in variance explained due to the addition of the 

covariates to the model. 
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Summary 
The results of the HLM analysis using the described models of change, allow for 

several conclusions to be drawn about change in rate of delinquent behaviors for this age 

cohort over a 10-year period. First, information regarding the shape of the growth 

trajectory is available in an HLM analysis by comparing the fit of different unconditional 

growtli models using statistical indices that take into account model degrees of freedom, 

such as Schwarz's Bayesian Criterion (SBC). In the present study, a third order 

polynomial trajectory exhibited better statistical fit than did a second order polynomial 

trajectory. However, there was no individual variability in baseline or the cubic 

component of the change trajectory for this sample of youths, indicating that most of the 

individuals reported similar rates of delinquent behaviors at age 11, and that change in 

these behaviors did not vary with respect to the cubic aspect of the trajectory. 

Furthermore, only the linear and quadratic components of the change trajectory exhibited 

non-zero slopes. 

Second, information with respect to the amount of explained variance for each of 

the components of change by the hypothesized predictors, is also available in an HLM 

analysis. Dividing the variance estimates for each of the random effects in the conditional 

model by the variance estimates from the unconditional model, provides an index of 

explained variance due to the addition of the predictors to the model. This method can 

also be used to determine the amount of explained variance for the covariances between 

the growth parameters. Results indicated that only the linear and quadratic components of 

the change trajectory had non-zero variance to explain. The hypothesized predictors 
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explained approximately 20% - 30% of the variability in the linear component, and 

approximately 45% of the variability in the quadratic component of the change trajectory. 

Furthermore, these predictors also accounted for approximately 30% - 40% of the 

covariance between the quadratic and linear components, approximately 40% of the 

covariance between the cubic and linear components, and approximately 50% of the 

covariance between the cubic and quadratic components of change in delinquency. 

Third, some information regarding the importance of each of the predictors in 

predicting change in delinquency is available through the HLM analysis. However, the 

importance of these variables is only measured in terms of statistical significance of the 

unstandardized regression weight for the fixed effects. If a variable meets criteria for 

statistical significance (e.g., e<.05), all that can be concluded is that the variable has a 

non-zero relation with the dependent variable. For the present study, only baseline 

delinquency and baseline perceived parental labeling, as well as the effects of time 

moderated by attitudes toward deviance, gender differences in these attitudes, and gender 

differences in exposure to deviant peers were statistically significant predictors of change 

in delinquency. The strength of the relation between each of these predictors and the 

dependent variable can be assessed by adding one predictor at a time to the conditional 

model, and noting the change in the residual. By dividing the residual variance of the 

model with the predictor in it, by the residual variance of the model without the predictor, 

the percentage of total variance explained by that predictor can be calculated. This 

method can be a tedious process if many predictors are specified in the conditional 

model, as in the present study. Using this metliod to assess the contribution of the 
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interactions between time, gender and attitudes toward deviance (e.g., TIME x SEX x 

DEVATT, TIME" x SEX x DEVATT, etc.), results indicated that although these 

interactions were statistically significant fixed effects, they added only 1/10% in 

explained variance of delinquency to the conditional model. 

Fourth, information about the predictive capacity of the covariates with respect to 

change in delinquency is available in the HLM analysis. By dividing the residual variance 

for the conditional model by the residual variance for the unconditional model, the 

change in total variance explained due to the addition of the predictors can be calculated. 

In the present study, the hypothesized predictors increased the amount of total variance 

explained in change in delinquency by approximately 15%. 

Finally, information with respect to individual differences in change is available 

through the HLM analysis. Tests of random effects indicate whether there is statistically 

significant individual variability in the variables specified as random. In the present 

analysis, all of the growth parameters were specified as random effects. Tests of 

significance indicated no variability in the intercept and cubic slope, and statistically 

significant variability in the linear and quadratic slopes. Furtliermore, individual 

estimates for the various growth parameters can be obtained in PROC MIXED. As in the 

IRA analysis, indices of variability (e.g., confidence intervals, standard deviation, etc.) 

about the mean growth parameters indicate individual variability in those parameters. For 

data set D, the mean intercept, linear, quadratic and cubic growth parameters were all 

equal to 0, while the standard deviations were equal to .05, .09, .02, and .002, 

respectively. Estimates for the intercept ranged from -0.08 to 0.26, while the linear. 
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quadratic and cubic slopes ranged from -0.36 to 0.51, -0.09 to .0.14. and -0.01 to 0.005, 

respectively. Confidence intervals (95%) for the intercept (-0.006 to 0.006), linear (-0.011 

to 0.011), quadratic (-0.003 to 0.003), and cubic slopes (-0.0002 to 0.0002) indicated little 

variability in the mean estimates, suggesting little individual variability in baseline and 

rate of change in delinquency. 

To summarize these conclusions about change with respect to the four questions 

driving Study 2, regarding question (a), a third order polynomial in which all of the 

growth parameters are specified as both fixed and random effects appears to best 

characterize change in delinquency relative to the other models specified. However, as 

noted in Study 1, there is no information provided by an HLM analysis by which absolute 

model fit can be assessed (i.e. the proportion of total variability in delinquency captured 

by the growth trajectory), such as an R^. Therefore the adequacy of this model of change 

cannot be directly assessed. However, the magnitude of the residual variance indicated 

that the unexplained variance in change in delinquency was three times greater than that 

explained by the growth trajectory. Concerning question (b), there are virtually no 

individual differences in the intercept and cubic aspects of growth. Inspection of 

individual growth parameters suggests that there is little variability in the linear and 

quadratic aspects of change as well, although this variability is statistically significant. 

For question (c), baseline delinquency and the youth's perceptions of negative parental 

labeling at baseline were significant predictors of change in delinquency. Concerning 

question (d) gender differences in deviant attitudes moderated the linear and quadratic 

effects of time (and the cubic effects for data sets A and D) on rates of delinquency, while 
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gender differences in exposure to deviant peers moderated the quadratic and cubic effects 

of time on rates of delinquency. However, all of the predictors added approximately 15% 

explained variance to that explained by the growth trajectory. 

Repeated Measures ANCOVA (RMA) 

Within-Subjects Model 
The RMA analysis was applied to data sets A and B, the data sets with complete 

data only. In these fi.xed effects analyses, DEVPEER and DEVATT could not be 

represented as time varying variables as they were in the individual growth modeling 

analyses. Therefore change in these variables was represented by a difference score, 

subtracting observations at T7 from those at Tl. For both data sets, Mauchly's Test of 

Sphericity indicated that the data did not meet the sphericity assumption (e.g., for data set 

A, Mauchly's W=.22, df=20, p< .01), suggesting that individuals changed at different 

rates. Therefore tests of within-subjects effects were conducted using appropriate 

correction tests (e.g., Greenhouse-Geiser). Results are reported in Table 20. According to 

these tests, delinquency (DQ), DQ x SEX, and DQ x change in DEVPEER were 

significant within-subjects effects for both data sets. For data set B, DQ x BADKJD, DQ 

x change in DEVATT, DQ x SEX x baseline DEVATT, DQ x SEX x change in 

DEVPEER, and DQ x SEX x change in DEVATT were also statistically significant 

within-subjects effects. These results from both data sets indicated that mean scores for 

delinquency changed over the 10-year period, and that gender and change between 

baseline and 10 years in exposure to deviant peers moderated this change. Results from 

data set B also indicated that perception of parental labeling at baseline, change between 
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baseline and 10 years in attitudes toward deviance, gender differences in baseline 

attitudes toward deviance, gender differences in change in exposure to deviant peers, and 

gender differences in change in attitudes toward deviance also moderated the change in 

delinquency. 

INSERT TABLE 20 ABOUT HERE 

Tests of within-subjects polynomial contrasts indicated a statistically significant 

(g < .05) linear slope for delinquency, for both data sets. For data set B, a significant 

cubic change slope for delinquency was found, while for data set A, a trend (p < . 10) 

toward a significant quadratic and cubic component existed. For the moderators 

DEVATT and DEVPEER. contrasts indicated a statistically significant linear slope for 

both data sets, and statistically significant quadratic and cubic slopes for DEVATT for 

data set B only. 

Between-Siibjects Model 
Levene's Test of Equality of Error Variances indicated that for both data sets, the 

error variances between males and females for the delinquency variable were unequal at 

T2, T5, T6 and T7. For data set A, significant differences e.xisted also at T4, and for data 

set B, at T3. For both data sets, the constant, gender, baseline attitudes toward deviance, 

change in exposure to deviant peers from T1 to T7, and the interaction between gender 

and exposure to deviant peers, all exhibited statistically significant between-subjects 

effects. For data set A only, perception of parental labeling was also statistically 
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significant, while for data set B, the interaction between gender and attitudes toward 

deviance had a statistically significant between-subjects effect. 

Summary 
Results from the RMA analysis provide some information with respect to change 

in delinquency. First, as mentioned in Study 1, the shape of the change trajectory is not 

directly assessed in RMA. Instead, the focus of the RMA analysis is to compare mean 

scores on the delinquency measure at each time point. However, the vvithin-subjects 

polynomial contrasts provided indirect information about the change trajectory. Results 

from these contrasts indicated that delinquency had a significant linear component while 

results were inconsistent between the two data sets with respect to the quadratic and cubic 

components. The linear component accounted for approximately 20% of the variability in 

mean rate of delinquency from T1 through T7. According to data set B, the cubic 

component accounted for approximately 3% of the variability. 

Second, as mentioned in Study 1, the RMA analysis does not provide information 

with respect to the prediction of baseline delinquency, or components of the change 

trajectory. Instead, RMA provides information about the predictors of the average 

delinquency score at each time point, including significance tests. Significance tests are 

also conducted for the between-subjects model, which provides an omnibus test of those 

predictors. According to the between-subjects analysis for both data sets, gender, baseline 

attitudes toward deviance, change in exposure to deviant peers from T1 to T7, and the 

interaction between gender and exposure to deviant peers, were significant predictors of 

overall change in delinquency. According to eta-squared, these variables explained 15%, 
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5%, 30%, and 5%, respectively, of the variability in mean rate of delinquency from T1 to 

T7 for data set A. For data set B, the explained variance dropped to 8%, 3%, 10%, and 

8%, respectively. Additionally for data set B, the interaction between gender and attitudes 

toward deviance was also statistically significant, explaining 2% of the variability in 

mean delinquency scores over time. 

Finally, as noted in Study L RMA does not define change as a continuous 

process, but rather as the differences in the mean scores on the dependent variable. 

Therefore, the RMA analysis does not provide information that directly assesses 

individual differences in change over time. It does provide information about variability 

in the mean score for the dependent variable at each time point, however. This 

information is indexed by within-subjects tests of equality of error variances, e.g.. 

Mauchly's Test of Sphericity. Results from Mauchly's Test indicated that individuals do 

not change in the same manner over time. Researchers can also inspect the standard 

deviation of the variable of interest at each time point. The standard deviations reported 

in Table 13 reflect individual variability in delinquency at each time point, increasing 

from T4 to T6 or T7, depending on the data set. For example, with data set A, there was 

less individual variability in delinquency at ages 11,12 and 13. than at ages 14. 15. 18 

and 21, with most of that variability between ages 14 emd 18. 

To summarize these conclusions with respect to the four initial questions about 

change in delinquency, regarding question (a), RMA analyses do not address type of 

trajectories of change. The polynomial contrasts indicated a significant linear component 

for average rate of delinquency over the 7 time points, which explains approximately 
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20% of the variability in mean rate of delinquency over the 10-year span. Data set B 

indicated a significant cubic component, explaining 3% of that variability. Concerning 

question (b), individual differences in the trajectory cannot be ascertained given that the 

analysis does not address change trajectories. However, individual differences in mean 

delinquency scores at each time point reflected greater variability in scores from age 14 

through 21. particularly ages 14, 15 and 18. Additionally, individuals do not change in 

the same manner over time according to tests of sphericity. Regarding question (c). 

gender, baseline attitudes tovvard deviance, and the difference in exposure to deviant 

peers between age 11 and age 21 were all statistically significant predictors of changes in 

mean delinquency scores over time. For data set A only, perception of parental labeling 

was also statistically significant. Of those predictors, the difference in exposure to deviant 

peers explained the greatest proportion of variance (30% for data set A, 10% for data set 

B) in change in mean rate of delinquency over that time period. With respect to question 

(d). the interaction between gender and exposure to deviant peers was a statistically 

significant predictor of changes in mean delinquency scores over time, explaining 5% -

8% of the variability depending on the data set. For data set B. the interaction between 

gender and attitudes toward deviance wjis also statistically significant, explaining 2% of 

the variability in mean delinquency scores over time. 

Pretest/Posttest Analvsis of Covariance CANCOVA) 

The ANCOVA analysis was also applied to data sets A and B only. As noted 

previously, change in the dependent variable was represented by subtracting delinquency 



A Comparison of Five Methods 
132 

measured at T7 from baseline delinquency or TI. Changes in DEVPEER and DEVATT 

were represented in the same manner. To remain consistent with the other analyses, SEX, 

BADKID, DEVPEER and DEVATT at baseline, and change in DEVPEER and 

DEVATT were specified as predictors of change in delinquency. Furthermore, four 

interaction terms, SEX x DEVPEER at baseline, SEX x DEVATT at baseline, SEX x 

change in DEVPEER, and SEX x change in DEVATT were added to test the hypothesis 

that gender differences in baseline and change in these variables predicts change in 

delinquency. 

For data set A, there were 83 females and 81 males, and for data set B there were 

115 females and 122 males. For both data sets, the mean change in delinquency for 

females was less than that for males. For both data sets, the mean change in delinquency 

for males was in the negative direction, indicating that on average, males reported greater 

delinquency at age 21 than age 11. For females, the direction was negative for data set A, 

but positive for data set B, although this change in the positive direction was small. 

Levene's Equality of Variances tests indicated that for both data sets, the variability in 

change for males and females was statistically significantly different. In both cases, males 

showed greater variability than females. Table 21 summarizes the results from the 

ANCOVA analysis. 

INSERT TABLE 21 ABOUT HERE 
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Results for both data sets indicated that there was a statistically significant main 

effect for the intercept, gender, and change in exposure to deviant peers. For data set A, 

change in exposure to deviant peers accounted for approximately 65% of the explained 

variance in change in rate of delinquency, and approximately 30% of that variance for 

data set B. Gender accounted for 25% of the explained variance in change in delinquency 

for data set A. and 17% for data set B, The model fit was ratlier good for both data sets 

(for data set A, adjusted R" = .28; for data set B, adjusted R~= .36), indicating that 

approximately 30% of the total variance in change in rate of delinquency was accounted 

for by the set of specified predictors. 

Summary 
In the ANCOVA analysis, change in delinquency is operationalized differently 

than it is in the other analyses; it is defined as the difference between an individual's 

score on the delinquency measure at baseline and his/her score at 10-year follow-up. 

Therefore there is no information regarding the shape of the trajectory of change between 

those time points. Furthermore, unlike the individual growth models, ANCOVA does not 

provide information regarding the predictors of baseline delinquency. Rather than 

supplying information about the predictors of the change trajectory. ANCOVA provides 

information about the predictors of the difference score for the dependent variable. 

Significance tests let us know if the relationship (i.e. the slope) between the predictor and 

the dependent variable is non-zero. According to results of the ANCOVA analysis, 

gender and change in exposure to deviant peers (also defined as a difference score), were 

the strongest predictors of change in delinquency. Information regarding the sums-of-



A Comparison of Five Methods 
134 

squares for these predictors tells us that change in exposure to deviant peers accounted 

for more of the variability in change in delinquency than did gender. Finally, information 

with respect to the percentage of variability in change in delinquency that is explained by 

the predictors is available via the model adjusted R^. ANCOVA results indicated that the 

predictors explained about one-third of the variability in delinquency difference scores. 

Thus regarding the initial four questions about change in delinquency, the 

ANCOVA analysis cannot address question (a) in terms of the shape of the trajectory. All 

that can be said is that on average, males reported greater change than females, and that 

on average, males reported greater delinquency at age 21 than at age 11. For females, 

results from data set A indicated that they reported greater delinquency at age 11 than at 

age 21, although the difference was very small. Results from data set B reflect the 

opposite. Regarding question (b), because shape of trajectory cannot be addressed using 

the ANCOVA analysis, individual differences in that shape also cannot be addressed. 

However, standard deviations for the delinquency difference score indicated substantial 

individual variability in difference scores, and greater variability for males than females. 

Concerning question (c), gender and change in exposure to deviant peers (also defined as 

a difference score), were the strongest predictors of change in delinquency, with change 

in exposure to deviant peers accounting for more of the variability in change in 

delinquency than did gender. All of the predictors explained about one-tliird of the 

variability in delinquency difference scores. For question (d), results indicated that 

gender did not serve to moderate the relation between differences between exposure to 
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deviant peers and attitudes toward deviance at age 11 and at age 21. and the difference 

between rates of delinquency at those same time points. 

Robustness of Statistical Indices of Change 
As described previously, several within-model and between-model comparisons 

were made to assess the robustness of each of the five methods with respect to violations 

of underlying assumptions regarding the data structure. Results from the within-model 

comparisons will be presented first, followed by results from the between-model 

comparisons. 

Within-model Comparisons 

TTie within-model comparisons first focused on the consistency (or lack thereoO 

of the mean change estimates and standard errors across the different subsets of data used 

within each method. For the IRA method for Study 1. Table 22 shows that the estimated 

mean intercept and slopes and their standard errors were similar across data sets A. B and 

C. The standard errors for the linear and quadratic slopes increased slightly for the 

imputed data set. For Study 2, results were different. The means were different across 

data sets, as were the standard errors. The standard errors for dataset C (N=226) were 

smaller than those for datasets A (N=186) and B (N=242). and the estimated mean 

growth parameters were quite different. Thus from Study 1 it appears that the IRA 

method is robust to missing data problems, while from Study 2 the same cannot be said. 

One reason for this may be that the heroin use data exhibit a distribution closer to normal 

than the delinquency data. The heroin use data range in skewness from .50 to 1.6, 

indicating slight skew in the positive direction, and in kurtosis from -1 to 1, indicating 
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mild kurtosis. However the delinquency data range in skewness from approximately 2 to 

5. indicating moderate to severe positive skewness, and in kurtosis from approximately 5 

to 31, indicating extreme Ieptokurtosis. Perhaps due to the noruiormal distribution of the 

outcome variable in Study 2, the analyses are more sensitive to missing data and 

imputation techniques. 

INSERT TABLE 22 ABOUT HERE 

Results for Study I for the LGM method also indicated that the mean estimated 

intercept and slope factors and standard errors were similar across data sets. Results 

similar to those for the IRA method were also found for Study 2. Again, mean estimates 

for the growth factors and the standard errors were disparate across the two data sets. 

Standard errors for the imputed data were greater than those for the listwise deleted data, 

which were virtually zero (values were so small, they were rounded to zero). Thus, 

conclusions regarding robustness of the LGM method to missing data problems are 

similar to those of the IRA method. 

For the HLM method, the mean estimated intercept and slopes were in a different 

metric from the original, i.e. the deviation from the average change trajectory. The results 

for this method were the opposite than those found for the IRA and LGM methods: the 

mean estimates and standard errors were different across the three data sets for Study 1, 

whereas the means and standard errors were virtually the same for Study 2, where the 

data were multivariate nonnormal (see Table 22). 
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For the RMA method, mean heroin use and the standard errors for T1 through T5 

were 8.96 (.74). 8.21 (.69), 13.40 (.67), 6.03 (.59), and 7.20 (.67), respectively for dataset 

A. For dataset B, the means and standard errors for T1 through T5 were 9.26 (.71), 8.78 

(.66), 13.32 (.63), 6.65 (.58), and 7.74 (.65), respectively. Therefore estimated means and 

standard errors across the data sets for Study 1 were very similar. For Study 2, the means 

and standard errors for delinquency from T1 through T7 for dataset A were -.09 (.01), 

-.01 (.01), -.09 (.01), -.07 (.02). -.05 (.02), -.003 (.02). and -.01 (.02). respectively. For 

dataset B, these estimates were -.08 (.01). -.01 (.01). -.07 (.01). -.05 (.02). -.02 (.02). .008 

(.02), and -.01 (.02), respectively. Thus the mean estimates were quite similar and the 

standard errors were the same for the two data sets for Study 2. These results suggest that 

the RMA analyses were robust across the 2 types of missing data handling techniques. 

For the ANCOVA method, the estimated mean change score in heroin use was 

4.54 with a standard error of .87 for dataset A. For dataset B. the mean estimate was 5.18 

with a standard error of .92. For Study 2, the mean change score for delinquency was -.07 

with a standard error of .02 for both datasets A and B. Thus like the RMA analysis, these 

results suggest that ANCOVA is robust across the listwise deleted and imputed data. 

Within-model comparisons were also made with respect to the stability of the 

statistical conclusions regarding individual differences in change across the different 

missing data conditions. For the IRA analysis, results from Study 1 indicated similar 

standard deviations for each of the growth curve parameters across all three of the 

missing data sets (see Table 5). Thus inferences about individual growth based on these 

statistics would be similar across the data sets. Additionally, the ranges of the adjusted 
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R", indicating the range of individual differences in fit of the growth function, were 

comparable across the data sets, again leading to similar conclusions about individual 

differences in growth. Results from Study 2 are not quite as clear. The standard 

deviations vary across the different missing data sets, and are dramatically different for 

the intercept, linear and quadratic slopes for data set C (see Table 14). For example, the 

standard deviations for the intercept for data sets A and B are 6 to 7 times greater than the 

standard deviation for data set C. From data set C, one would conclude smaller individual 

differences in initial status and rates of change than one would conclude from data sets A 

and B. However, the ranges of the adjusted R~ are similar for all three data sets, leading 

to similar inferences about individual differences in fit of the growth function. These 

results suggest that IRA is reliable across the missing data conditions regarding statistical 

conclusions with respect to individual differences in change when multivariate normality 

is not violated too greatly (i.e. as in Study 1). However, when multivariate normality is 

violated (as indexed by tests of multivariate normality and univariate skewness and 

kurtosis). IRA does not appear to be robust across the missing data conditions. 

For the LGM analysis, results for data sets A and B from Study 1 indicated 

statistically significant variance estimates for all of the growth factors and for heroin use 

at baseline, 6, 12 and 18 months, but not at 2-year follow-up. Thus results from both data 

sets converge on the conclusion that individual differences exist in initial status and rate 

of change, as well as in heroin use at all but the 24 month time period. Results from 

Study 2 are not so clear. A different change trajectory was hypothesized for data set A 

and B: a second order polynomial growth model with covarying error terms was selected 
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to represent change over time in delinquency for data set A. while for data set B, the third 

order polynomial model was selected. Obviously, this becomes problematic for 

generalizing results across different types of missing data. For data sets A and B, the 

variances for all of the latent growth factors were statistically significant, suggesting 

individual variability in baseline and change in delinquency. Results from data set A 

indicated significant individual variability in delinquency at each of the measured time 

points except at 10-year follow-up, while for data set B. significant individual variability 

e.xisted at all of the measured time points. Similar to IRA, these results suggest that LGM 

is robust across the 2 missing data conditions (listwise and imputation) when data appear 

to be mildly multivariate non-normal, but not when data appear to deviate greatly from 

multivariate normality. 

Results from the HLM analyis for each of the data sets used in Study 1 regarding 

individual differences in change converged on the inference that there was no individual 

variability in the cubic growth parameter, but that the intercept, linear and quadratic 

growth parameters exhibited significant individual variability. Similarly for Study 2, 

results across the three data sets agreed that there was no individual variability in the 

intercept and cubic growth parameters, but that the linear and quadratic growth 

parameters exhibited significant individual variability. Thus results from the HLM 

method appear to be consistent with respect to inferences about individual differences in 

change across different missing data conditions and varying levels of deviation from 

multivariate normality. 
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For the ElMA analyses, the standard deviations for each of the measured time 

points are indicators of individual differences in the mean outcome over time. For Study 

I, the standard deviations for both data sets were very similar across the 5 time points. 

For data set A, the standard deviations were 12.3, 11.4, 11.0, 9.8 and 11.0 while for data 

set B, the values were 12.4, 11.6, 11.0, 10.1, and 11.4. Thus inferences about the 

magnitude of individual differences would be similar for both missing data conditions for 

Study 1. For Study 2, standard deviations were slightly different between the data sets 

across the 7 time points. For data set A, the values were .14. .12. .12. .21, .22, .32 and .21. 

For data set B, the values were .14. .14, .16, .26, .28, .31 and .28. However, these slight 

differences probably would not lead to differing conclusions about the magnitude of 

individual differences in rate of delinquency over time. These results suggest that RMA is 

robust Vkdth respect to statistical conclusions regarding individual differences in change 

across the 2 missing data conditions and levels of deviation from multivariate normality. 

For the ANCOVA analysis, the standard deviation of the difference score for 

heroin use from T1 to T5 for both data sets was the same (15.24). For Study 2, the 

standard deviations of the difference score for delinquency from T1 to T7 were very 

similar as well, .21 and .29 for data sets A and B respectively. Thus inferences about 

individual differences in change would be similar across both data sets for both studies, 

suggesting that in this domain of change, ANCOVA is robust with respect to the 2 

missing data conditions as well as the varying levels of deviation from multivariate 

normality. 
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The final within-model comparisons were conducted to assess whether statistical 

conclusions about the predictors of change varied across the different missing data 

conditions. The regression coefficients and significance test results were compared across 

the data sets. For the IRA method for Study 1, the regression coefficients and significance 

test results for predicting the intercept and linear slope were the same across all three data 

sets. A, B and C (see Table 7). For the quadratic slope, two predictors, the cocaine 

quadratic and cubic slope parameters, were statistically significant for data sets B and C, 

but not A. These predictors also had regression coefficients 2 to 6 times greater than 

those for data set A. For the cubic slope, results from data sets A and B agreed both in 

terms of the magnitude of the regression coefficient and significance tests. Data set C did 

not find the cocaine use intercept, quadratic and cubic slope parameters to be significant, 

and for the latter two predictors, the regression coefficients were about half those for data 

sets A and B. The average number of treatment sessions attended over the 2-year period 

was significant for data set C. For Study 2, two extra predictors of baseline delinquency 

were statistically significant in data set B only. Despite the same regression coefficient as 

that for the other two data sets, baseline exposure to deviant peers was not statistically 

significant in data set A only. Results were most disparate for predicting the quadratic 

component of delinquency, with agreement between results for data sets A and B that 

several interaction terms involving gender and attitudes toward deviance or exposure to 

deviant peers were not statistically significant. The regression coefficients were smaller 

than those for data set C, and in one case, were of the opposite sign (positive vs. 

negative). 
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These results indicate that conclusions about predictors of growth would be 

different across the different missing data sets for the heroin use quadratic and cubic 

components of the change trajectory and for all of the delinquency growth parameters if 

conclusions were based solely on significance test results. However, conclusions based 

on partitioning variance associated with the predictors would remain unchanged across 

these data sets: except for the outcome growth trajectory components, the statistically 

significant predictors explained a trivial amount of the variance in baseline and rate of 

change for both heroin use and rates of delinquency. Therefore with respect to 

significance testing, results suggest that IRA is not robust to the different missing data 

conditions nor to the varying levels of deviation from multivariate normality. However, 

with respect to the magnitude of the relation between the predictors and change in the 

dependent variable, results were consistent across the different missing data conditions 

and data distributions. 

For the LGM model, results fi-om Study 1 were the same across both data sets A 

and B with respect to the statistically significant predictors of change in heroin use. The 

path coefficients were similar as well. For example, the path coefficient from the heroin 

use intercept factor to the linear growth factor was -0.78 for data set A and -0.75 for data 

set B. Additionally, results from both data sets lead to the same conclusion that initial 

status and the change trajectory were the strongest predictors of change in heroin use, 

similar to the IRA analysis. For Study 2, the conditional growth model (in which 

predictors of change are specified) was not estimable. Therefore comparisons between 

data sets A and B with respect to the predictors of change could not be made. This fact 
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makes it difficult to draw conclusions regarding the robustness of IGM to differing 

missing data conditions as well as data distributions with respect to statistical conclusions 

regarding individual differences in change. Results from Study 1 suggest that IGM is 

robust across missing data conditions, at least within the type of data distribution 

represented by Study 1. 

For the HLM analysis for Study L results from data sets A. B and D agreed that 

the intercept, linear, quadratic and cubic fixed slope estimates were statistically 

significant predictors of change in heroin use, as was cocaine use over time. The results 

from only data sets A and B agreed that the interaction between cocaine use over time 

and the fixed linear, quadratic and cubic slope estimates of heroin use were also 

statistically significant. The parameter estimates for the statistically significant slopes 

were similar across data sets as well. For example, the estimates for the fixed effect of 

initial status, linear, quadratic and cubic rates of change were approximately 14,-14, 7, 

and - I for all three data sets. For Study 2, results from all three data sets agreed on the 

statistical significance of some of the predictors, but not all of them (see Table 19). The 

fixed parameter estimates for each of the data sets were generally equal. Thus if 

conclusions about the predictors of change were based solely on significance tests, the 

conclusions across the three missing data sets would be different, suggesting that HLM is 

not robust across the various missing data conditions. However, similar to the LGM and 

IRA results, conclusions based on the magnitudes of the relation between these predictors 

and the outcome would be similar; the conditional or Level 2 models from each of the 
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three data sets added about 15% to the explained variance of change in rate of 

delinquency. 

Results from the between-subjects model within the RMA analysis for Study 1 

indicate that significance tests from data sets A and B agreed with respect to the same 

predictors of mean heroin use at each time point (see Table 11). The eta-squared 

associated with each predictor was also similar across data sets. For e.xample, the 

constant explained approximately 65% of the variability in mean heroin use at each time 

point, while change in cocaine use and average number of treatment meetings each 

explained approximately 3% of that variability. For Study 2, results from the significance 

tests were similar except that data set B also included the interaction between gender and 

change in attitudes toward deviance as a significant predictor of mean rate of delinquent 

behaviors at each time point. The eta-squared associated with each of the predictors 

varied substantially between the data sets. For example, in data set A, change in exposiire 

to deviant peers explained approximately 30% of the variability in mean rate of 

delinquency at each time point, compared to only 10% according to data set B. These 

results suggest that for Study 1, similar conclusions would be drawn about the predictors 

of change from the RMA analysis, while for Study 2. conclusions about the magnitude of 

the relation between the predictors and the outcome would be quite different, especially 

with respect to gender and change in exposure to deviant peers. Thus RMA appears to be 

robust to the 2 missing data conditions when data do not deviate greatly from multivariate 

normality, but not when data deviate strongly from multivariate normality. 
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Results from the ANCOVA analysis for Study I indicate from both data sets, that 

none of the hypothesized predictors of change in heroin use were statistically significant. 

The model R" also indicated that the specified model poorly predicted the outcome (R" s 

.05). For Study 2. results were disparate across data sets. Results from data sets A and B 

agreed on all statistically significant predictors except two (see Table 21). Data set B 

added negative parental labeling (BADK.ID) and change in attitudes toward deviance 

(DEVATT) as statistically significant predictors. Furthermore, eta-square from data set B 

indicate that DEVATT explained approximately 7% of the variability in mean rate of 

delinquency at each time point, compared to only 0.1% according to data set A. Results 

from data set A also indicate that change in exposure to deviant peers explained 21% of 

the variability in mean rate of delinquency at each time point, compared to only 14% 

according to data set B. Therefore, similar conclusions would be drawn about the 

predictors of change in Study 1 in terms of statistical significance and magnitude of 

relations between predictors and outcome, while for Study 2, conclusions about 

magnitude of relations would be quite different, especially with respect to change in 

attitudes toward deviance and exposure to deviant peers. 

Between-Model Comparisons 

The first set of between-model comparisons concerned the conclusions that could 

be drawn about average change in the outcome of interest. Therefore a comparison of the 

mean growtli parameters for the individual growth models, the means at each time point 

for the RMA, and the mean difference score for the ANCOVA was conducted. The plots 
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in Figure 6 illustrate the average change trajectories for four of these methods for heroin 

use. Because all of the metliods were applied to data set A, the plots are based on results 

from that data set. Additionally, because ANCOVA does not provide information about 

the shape of change, this method was not included in the growth plot comparisons. 

INSERT FIGURE 6 ABOUT HERE 

As Figure 6 illustrates, conclusions about the average trajectory of change would 

be quite different, depending on the analytic method. Both the IRA and LGM plots 

indicate that average heroin use starts out high and gradually decreases over time. 

However, the IRA plot indicates an increase in use around 18 months, followed by a 

decrease, while the LGM plot indicates a plateau around 18 months followed by an 

increase. The HLM plot based on the average estimated individual growth parameters 

indicates an average trajectory that starts low and steadily increases over time. However, 

the metric of the growth parameters is different than the metric in which the other three 

methods are measured: the metric is in deviance scores from the mean growth trajectory. 

Therefore, the trajectory plotted for the HLM method actually suggests that the 

individuals steadily deviate more from the average trajector>' as time goes forward. 

Figure 6 illustrates the average trajectory estimated from the HLM method by using the 

fixed effects estimates. This plot is virtually the same as the IRA plot, differing only in 

the last two time points by approximately 1 day of heroin use. Finally, the plot for the 

RMA analysis shows heroin use increasing through 1 year, then decreasing, then 
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increasing by a day. The mean values of heroin use for each time point for each analytic 

method are presented in Table 23. 

INSERT TABLE 23 ABOUT HERE 

The next set of model comparisons concerned conclusions with respect to the 

shape of the change trajectory. For Study 1, the IRA, HLM and RMA methods all 

conclude that the shape of the change trajectory for heroin use is well characterized by a 

third order polynomial. The LGM method concludes that the trajectory is best 

characterized as a second order polynomial. For Study 2, the IRA analysis indicates that 

change in delinquency is well characterized as a third order polynomial for about 35% of 

the individuals, if "well characterized" is defined as explaining a minimum of 70% of the 

variability in the outcome, or a minimum of 5 of the 7 observations. For the remainder, 

this type of function was poor to adequate. Results from the HLM analysis also indicate 

that when compared to a linear or a second order polynomial function, the best fitting 

growth trajectory is a third order polynomial function. Results from the LGM analysis 

indicate that a second order polynomial fits best for one data set while a third order 

polynomial fits best for the other data set, making it difficult to generalize from this 

analysis, which is dependent on missing data handling techniques. The RMA results 

support a linear trajectory, and according to results from data set B. a cubic trajectory as 

well. In summary, there was agreement between the IRA, HLM and RMA methods 

regarding shape of change for Study 1, in which the data were distributed more nearly 
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multivariate normal. However for Study 2, in which data deviated strongly from 

multivariate normality, conclusions regarding shape of change varied widely across the 4 

compared methods. 

Inferences regarding individual differences in change were the focus of the next 

between-model comparisons. For Study 1, the IRA results supported the conclusion that 

individual differences e.xisted in initial status and the linear, quadratic and cubic 

components of the change trajectory. The HLM and LGM results supported the 

conclusion that individual differences existed in initial status and the linear and quadratic, 

but noi the cubic component of the change trajectory. Results from the RMA analysis 

indicated that individual differences existed at each measured time point, although 

conclusions about individual differences in change over time could not be addressed. 

Results from the ANCOVA analysis also supported inferences that individual differences 

exist in change. For Study 2. again, the IRA results supported the conclusion that 

individual differences existed in initial status and the linear, quadratic and cubic 

components of the change trajectory. The LGM results supported the conclusion that 

individual differences existed in the initial status, and the linear and quadratic 

components of the change trajectory for data set A, and in all measured time points but 

the 10-year follow-up. For data set B, results indicate that individual differences existed 

in the initial status, and the linear, quadratic and cubic components of the change 

trajectory, as well as in all measured time points, including the 10-year follow-up. Results 

from the HLM analysis indicated significant individual variability in the linear and 

quadratic growth components only, leading to the conclusion that individuals did not vary 
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significantly in terms of initial status or cubic rate of change in rate of delinquency. The 

RMA analyses supported the conclusion that individual differences in change existed, 

given that the data did not meet the sphericity assumption. Finally, results from the 

ANCOVA analysis also indicated individual differences in the change score. 

The final between-group comparison involved conclusions about the predictors of 

change. For Study 1, all of the methods converged on the conclusion that the assigned 

treatment condition was not a predictor of change in heroin use. Furthermore, the IRA 

and LGM methods were consistent in concluding that the best predictors of change in 

heroin use were initial status and the trajectory of change. Results from the HLM method 

also indicated that the growth model explained the majority of the variability in heroin 

use over time. For the RMA, the linear, quadratic and cubic trends in change in mean 

heroin use contributed 2-4 times as much explained variance as the other statistically 

significant predictors. The ANCOVA method could not address predictors in change over 

time. However, results indicated that none of the hypothesized predictors of the amount 

of change in heroin use were significant. Additionally, results from all but the ANCOVA 

analysis indicated that change in cocaine use was a statistically significant predictor of 

change in heroin use, although it explained a trivial amount of variance in this outcome. 

Therefore in Study 1, conclusions regarding the predictors of change in heroin use were 

consistent across the 5 methods. 

For Study 2, results were inconsistent across the methods with respect to gender 

as a predictor of change in delinquency. According to the IRA analysis, gender was not a 

significant predictor of change in delinquency. The strongest predictors of change in rate 
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of delinquency were baseline rates as well as components of the growth trajectory, 

according to the IRA method. Inferences about the predictors of change could not be 

drawn from the LGM analysis because the conditional growth model could not be 

estimated. The HLM analysis indicated that baseline delinquency and baseline perceived 

parental labeling, as well as the effects of time moderated by attitudes toward deviance, 

gender differences in these attitudes, and gender differences in exposure to deviant peers 

were statistically significant predictors of change in delinquency, and added 

approximately 15% explained variance to the model. RMA results indicated that gender, 

baseline attitudes toward deviance, change in exposure to deviant peers from T1 to T7, 

and the interaction between gender and exposure to deviant peers, were significant 

predictors of overall change in delinquency. These variables explained 15%. 5%, 30%, 

and 5%, respectively, of the variability in mean rate of delinquency from T1 to T7 for 

data set A and dropped to 8%, 3%, 10%, and 8%, respectively for data set B. 

Additionally for data set B, the interaction between gender and attitudes toward deviance 

was also statistically significant, explaining 2% of the variability in mean delinquency 

scores over time. Finally, results from the ANCOVA analysis indicated that gender and 

change in exposure to deviant peers were important predictors of the amount of change in 

rate of delinquency from baseline to 10-year follow-up. Depending on the data set, 

change in exposure to deviant peers accounted for approximately 30% to 65% of the 

explained variance in change in rate of delinquency, while gender accounted for 17% to 

25% of that variance. In summary, conclusions regarding the predictors of change for 
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Study 2 in which data deviated strongly from multivariate normality, were different 

across the 5 methods when based on significance testing. 
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DISCUSSION 
In their introduction to the volume "Best Methods for the Analysis of Change: 

Recent Advances. Unanswered Questions. Future Directions," the editors state that "the 

study of change raises important challenges that must be met in a science dedicated to 

understanding development" (Collins &, Horn. 1991, p. xv). One of those importemt 

challenges is the availability of data analytic methods that allow the researcher to directly 

assess the types of questions about change in which he/she is interested. As 

methodologists observe (e.g., Curran & Muthen. 1996; Raykov, 1991; Rogosa, 1991). 

selection of the proper data analytic strategy should be commensurate with the questions 

of interest regarding change. If a data analytic method is chosen that is based on a model 

of change incommensurate with the theoretical model posited for testing, then as Curran 

and Muthen (1996) note, the theory posits one question but the analytic technique 

assesses a different question. These authors continue: "This contradiction between 

question and answer can potentially limit the validity of the evaluation of the proposed 

hypotheses that in turn limits the understanding of the proposed theor>' in general" (p. 

24). 

The main purpose of the current study was to address the validity of the 

evaluation of several proposed questions and hypotheses about change for each of five 

different analytic methods for analyzing longitudinal panel data. Three of these five 

methods represent a subset of analytic techniques broadly icnown as individual growth 

modeling, while the other two methods represent the traditional fixed-effects models that 

have seen more common use among social scientists interested in the analysis of change. 
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These five methods were applied to two basic domains of questions regarding change 

within the social sciences: Change associated with an intervention, and change associated 

with naturally occuring developmental processes. 

Within these two domains of change, questions were posited regarding change in 

the variable of interest for each of the two studies. These questions reflected what have 

been characterized as the prominent purposes for studying change within the social 

sciences: the assessment of individual change, the detection of correlates or predictors of 

change, comparison of change among e.xperimental groups, and comparison of change in 

nonequivalent groups in quasi-experiments (Raykov, 1991; Rogosa. 1991: Rogosa & 

Willet. 1985). These purposes can be divided into those reflecting intraindividual and 

those reflecting interindividual differences in change. Intraindividual differences in 

change are said to exist when different individuals have different values of the growth 

parameters. Interindividual or systematic individual differences in change exist when 

individual differences in a growth parameter can be linked with one or more predictors or 

correlates (Rogosa, 1991). Thus data anal>iic methods for assessing change are needed 

that can address both the intraindividual and interindividual sources of variability that are 

of interest to social scientists. 

Linking these two sources of variability in change requires a combination of two 

different research orientations, the idiographic and the nomothetic. Idiographic 

approaches focus on the uniqueness of each individual, while nomothetic approaches aim 

to establish lawful relations that apply across individuals (Nesselroade, 1991). Individual 

growth modeling procedures have been developed in an attempt to combine these 
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different perspectives for the analysis of change in longitudinal panel data. The 

development of these procedures has been in reaction to the dominant custom within the 

social sciences of applying methods based solely within the nomothetic tradition when 

addressing change over time. Within these traditional methods (e.g.. Repeated Measures 

ANOVA. pretest/posttest ANCOVA), interindividual differences are the sole statistical 

focus. 

Critics argue that the nomothetic perspective alone is conceptually inconsistent 

with social science theories and notions about change. In order to draw strong inferences 

in the study of change, idiographic information is necessary to serve as the basis by 

which to generalize to regularities that characterize all individuals. As noted by Rogosa 

(1987) "you have to understand individual processes before attempting to understand 

individual differences" (p. 193). Similarly, Willett and Sayer (1994) observe, "logically, 

individual change must be described before interindividual differences in change can be 

examined..." (p.365). 

Furthermore, starting with an idiographic approach allows the researcher to 

distinguish between different sources of variability in change that can potentially 

misguide conclusions about interindividual differences in change (Nesselroade, 1991). 

These sources include intraindividual variability, intraindividual change, and 

interindividual change (Nesselroade, 1991). Intraindividual variability is relatively rapid, 

more or less reversible changes, such as mood or ability to concentrate. Intraindividual 

variability contributes to characterizing an individual at a given point in time, and can 

therefore confound intraindividual change and interindividual differences in change. 
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Intraindividual change is defined as relatively slow changes reflecting processes such as 

development or learning, that not only contributes to characterizing an individual at a 

given point in time, but across time as well. A lack of awareness of intraindividual 

change can thus confound interindividual differences in change.'^ Interindividual 

differences are defined as being highly stable (e.g., gender), important, but not the only 

source of among-persons variance at a given point in time. Nesselroade (1991) argues 

that in order to distinguish between these different sources of variability with respect to 

interindividual differences in change, a focus on individual processes is a necessary' 

starting point. Methods based solely within the nomothetic tradition ignore these 

important sources of variabilit>' and can therefore misguide conclusions about 

interindividual differences in change. 

The crucial question by which to assess the validity of the application of a 

particular method for analyzing change then, is to assess the quality of information 

regarding change that is available as it relates to the hypotheses about change that are the 

focus of study. The type of information regarding change is reflected in the statistical 

parameters that are provided by a particular data analytic method. The quality of that 

information is assessed in terms of how well it maps onto the questions regarding change 

in which the researcher is interested. To paraphrase Willett and Sayer (1994), what 

statements regarding change do the statistics produced by a particular method readily 

support? 

" Willett and Sayer (1994) differentiate intraindividual variability as the "noise" and intraindividual change 
as the "signal" of the individual change trajectory. 
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Results from the present study were assessed in terms of their relevance to the 

questions about change that motivated the analyses to begin with. The first set of 

questions for both studies had to do with the shape or trajectory of change. For this set of 

questions, interest centers on the estimation of individual or group growth curves, 

heterogeneity (or individual differences) in the growth curve, and statistical and 

psychometric properties of these estimates (Rogosa, 1991). For example, the mean slope 

parameter serves as an index of "typical" rate of change while the variance serves as an 

index of heterogeneity in rate of change. 

The next set of questions concerned systematic individual differences in growth. 

Here the focus is on associations between individual growth parameters and correlates of 

change (e.g.. e.xogenous individual characteristics or initial status on the variable 

measured over time). Statistical indices of interest include the regression coefficient (or 

the path coefficient in latent growth models), a measure of the relation between a 

predictor and the growth parameter. The sign of the coefficient indicates the direction of 

the relation, while significance tests indicate whether the relation is non-zero. A mapping 

of the types of questions regarding change and the statistical indices used to evaluate 

these questions across the 5 different methods used in the present study, is illustrated in 

Table 24. 

INSERT TABLE 24 ABOUT HERE 

Adequacy of Statists For Addressing Questions Regarding Change 
Intraindividiial Differences in Change 
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Evaluating the validity of the application of methods for analyzing change should 

involve assessment of the adequacy of the statistical indices for addressing the questions 

about change driving the analyses. To start, critics have charged that summarizing 

longitudinal data in the form of a between-wave covariance matri.x is an inadequate 

method for addressing individual processes (e.g., Rogosa, 1991; Willett & Sayer, 1994). 

These critics advocate that "ever>' analysis of change begin with individual-level data 

exploration" (Willett & Sayer. 1994, p. 366). Exploration involves estimating and 

describing individual growth curves as the starting point for analyses of change. As 

Rogosa (1991) claims, "The nature of research questions about growth and development 

makes these models a natural, if not essential, starting point" (p. 36). Rogosa (1991) notes 

that the individual growth parameters obtained from this starting point of the analysis can 

be profitably used for various descriptive analyses, and that such descriptive analyses 

may be, in many situations, more important and informative than the formal parameter 

estimation when assessing change. 

In contrast, some methods use the between-wave variance/covariance matrix as 

the starting point for the analysis of change (e.g., latent growth modeling). The 

covariance matrix provides a model for relations among variables and assesses change 

via an average (or "typical") growth model. Individual differences are assessed in relation 

to the average model. However, Willett and Sayer (1994) observe that all individual-level 

richness is lost once data are summarized in a covariance matrix. Furthermore, Rogosa 

(1987) argues that the technology of covariance modeling has "little or no link to 

common sense.'' In other words, these models provide information in the form of 
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statistical indices that are difficult to interpret with respect to the type of information 

about change in which social scientists are interested. 

For example, for the HLM method, individual differences in change are 

investigated by considering the nature of the deviations of the individual growth 

trajectories from the mean curve (Bryk Sc. Raudenbush. 1987). Individual growth 

parameter estimates are therefore measured in this metric. The LGM method also focuses 

on deviation from the average growth trajectory. The nature of these deviations is 

assessed by inspecting the variance estimates for the growth parameters. Significance 

tests associated with each of the variance estimates informs the researcher whether 

statistically significant individual differences exist in initial status (the intercept) and rate 

of change (the slope or slopes). Investigators are also recommended to inspect the 

between-wave covariance matrix to assess variances of the outcome variable at each time 

point, to inform about individual differences in change. Yet critics argue that between-

wave statistics do not provide an optimal 'view' for easy inference about differences in 

individual change (cf Rogosa, 1991; Willett and Sayer. 1994). Furthermore. Rogosa 

(1991) argues that information regarding average growth does not inform about 

individual differences regarding change. As noted by Willett and Sayer (1994), 

individual-level data exploration offers a qualitatively different type of interpretation 

regarding individual differences in change. 

To illustrate this point, examine Figure 3, the individual growth plots for six 

individuals for whom the fit of the growth trajectory ranges from perfect fit (adjusted R^ 

= 1.0) to a complete lack of fit (adjusted R^ = 0). Additionally, examine the individual 
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regression output for individual 3 presented in Table 25. Compare the information about 

change that can be inferred from these summaries to the inferences available from the 

information presented in Tables 26 and 27, the LGM and HLM output respectively. 

INSERT TABLE 25 ABOUT HERE 

In these tables, the between-wave covariance matri.x is presented, as well as the estimated 

variances and their associated significance tests for each of the growth parameters. 

From the individual growth plots, one can view the shape, direction and rate of 

change for each individual. It is clear that there are a variety of trajectories of change in 

heroin use, some of which are described well by a third order polynomial function, some 

of which are not. For some, heroin use starts out high at baseline and tapers off as time 

goes on. For others, heroin use increases over time, or remains virtually the same, or 

increases from baseline and then decreases by 2-year follow-up. Moreover, from the 

individual regression output one can conclude which growth model best fits each 

individual, each person's initial status and rate of change in the metric in which the 

attribute was measured. The adjusted R^ obtained for each individual also allows the 

researcher to assess the degree to which the hypothesized change trajectory fits for each 

individual. In Table 25, the adjusted R^ (.93) indicates that the third order polynomial 

function well-characterizes change for this individual. The adjusted R' also serves to 

"flag" persons for whom the hypothesized growth trajectory does not fit well. One can 

then return to the data to see what type of growth these individuals exhibit. In doing so 
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with Study I, for example, some individuals exhibited no change whatsoever over time, 

while others showed high initial baseline heroin use and slowly tapered off over time. 

Inspection of the growth plots and individual regression output assists in assessing 

intraindividual levels of change. 

Between-wave variance/covariance matrices do not offer such a view of change. 

From the LGM output (see the diagonal of the variance/covariance matrix in Table 26), 

we can conclude that variability in the average (vs. the individual) growth trajectory 

fluctuates over time, decreasing from baseline (121.7) to 6 months (96.3). then increasing 

at 12 months (122.1), increasing further at 18 months (150.6), and decreasing again at 24 

months (129.5). Thus the greatest variability in heroin use is at 18 months. 

INSERT TABLE 26 ABOUT HERE 

Similarly from the HLM output (see the "V Matrix" in Table 27). we can conclude that 

variability increases over time. 

INSERT TABLE 27 ABOUT HERE 

The HLM and LGM methods index intraindividual change with variance 

estimates and their associated significance tests for each of the growth parameters. For 

example. Table 26 indicates that there is statistically significant variability in the 

intercept. linear and quadratic growth factors (as indicated by the z-test values). 
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indicating intraindividual differences in initial status and rate of change. Significant 

variability in the error terms for the outcome variable at each time point also serves as an 

indicator of intraindividual variability. 

Although variance estimates indicate variability in the outcome at each time point 

and in the growth parameters, these indices tell us nothing about the shape of change for 

each individual. We only know whether individuals vary in terms of initial status and rate 

of change when compared to an average growth trajectory, and whether the amount of 

individual variability fluctuates across time. We do not know if that variability exists 

because an individual exhibits no change or a U-shaped trajectory, etc. Thus the quality 

of information about intraindividual change inferred from these statistical indices is 

different from that obtained via the exploration of individual regression results. 

Models of change based in the nomothetic research perspective provide limited 

information that is generally inadequate to inform about individual differences in growth. 

For example, results from the sphericity test indicate whether variability is consistent 

across time points in the outcome of interest. From this a researcher can infer if 

individual differences exist in both variability and change. Similarly, individual 

differences in change can be inferred from the standard deviation of the gain score from 

the pre/post ANCOVA analysis. However, results of a sphericity test or the standard 

deviation of a difference score seem to be inadequate as indicators of intraindividual 

differences in change. Neither of these statistical indices tells us about the shape of 

individual change trajectories or the quality of individual differences—they only tell us 

that differences exist. 
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In summary, person-level data provides qualitatively different information to 

guide conclusions regarding intraindividual differences in change than does covariance 

matrix level data. Although researchers gain quantitative information about 

intraindividual differences in change from a variety of summary statistics provided by 

each of the various methods for analyzing longitudinal panel data, these statistics vary in 

the quality of information they provide. Some methodologists recommend that these 

statistics be used to supplement the information about intraindividual change produced by 

inspection of the person-level data. 

Yet inspection of the person-level data is not sufficient for analyzing individual 

differences in change. Reviewing each individual growth plot or regression analysis can 

be tedious and difficult to synthesize information with respect to individual change, 

especially when numerous individual differences exist. Therefore statistics can be useful 

for synthesizing and summarizing information about individual differences in change. 

Moreover, summary statistics allow the researcher to conclude if individual differences in 

change exist in the first place and are worth pursuing. If individual differences do not 

exist, then there is no point in assessing for interindividual differences. For Study 1, both 

the LGM and HLM methods converge on the conclusion that statistically significant 

individual differences exist for the estimated intercept, linear and quadratic growth 

parameters for heroin use, but not for the cubic growth parameter. Such conclusions 

cannot be readily drawn by the mere inspection of growth plots or individual regression 

results. 

Interindividual Differences in Change 
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Table 24 also provides a list of the statistical indices provided by each method for 

assessing interindividual differences in change. Interindividual differences are systematic, 

between-individual differences in change that are associated with exogenous variables, 

such as gender, treatment condition, level of cocaine use, exposure to deviant peers, etc. 

Analyses based within the nomothetic research perspective focus specifically on 

questions and hypotheses regarding interindividual differences. Each of the five analytic 

methods assessed in the present study was designed to address interindividual differences 

in change by modeling between-group differences in the outcome variable. Each method 

focuses on an index of association (i.e. the estimated regression coefficient) between each 

of the hypothesized predictors of change and the outcome of interest, and the statistical 

significance associated with that parameter. The significance test results merely inform 

the researcher that the relation between the predictor and the outcome is non-zero. From 

these tests a researcher can conclude that the hypothesized variable is indeed a predictor 

of the outcome (Rogosa, 1991). 

Significance tests do not provide information regarding the strength of the relation 

between the predictor and outcome. Each of the 5 analytic methods provide information 

about the magnitude of the relation although some methods are more informative than 

others. For the IRA analyses, interindividual differences are assessed in the Level 2 

model by inspecting the unstandardized regression coefficients, significance tests, sums 

of squares and the model adjusted R" from the hierarchical regression results. For Study 

1. these statistics allow the researcher to conclude that baseline cocaine use predicts (i.e. 

is a statistically significant predictor of) baseline heroin use, but the strength of the 
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relation is weak: only 6% of the variability in baseline heroin use is explained by baseline 

cocaine use. 

Although all five methods compared in the present study provide information 

regarding predictors of change, the individual growth models focus on predictors of the 

rate of change, while the traditional methods focus on predictors of the amount of 

change. Individual growth models focus on the rate of change by modeling the growth 

parameters as dependent variables. For e.xample, results from the IRA analysis for Study 

1 indicate that initial status explains 90% of the variability in immediate rate of change 

(the linear component of the change trajectory) of heroin use. Similarly, by squaring the 

disturbance terms associated with each growth factor and subtracting them from 1.0, the 

researcher to can calculate the percent of variance explained by the predictors for each of 

ihe growih parameters in an LGM analysis. For the HLM method, the estimated 

variances for each of the growth parameters in the Level 1 model are compared to those 

of the Level 2 model to assess the percent of variability in rate of grov/th explained by the 

set of predictors added to the Level 2 model. Additionally, the Level 1 model residual can 

be compared to the Level 2 model residual to assess how much of the unexplained 

variance was accounted for by adding the predictors to the Level 2 model. 

R.MA also tests the statistical significance of the estimated regression coefficients, 

but for predictors of the mean at each time point rather than of rate of change. 

Furthermore, these tests only indicate whether a predictor is significantly associated with 

the mean outcome measured at a particular time point, not that the predictor actually 

predicts change over time in that outcome. These models do not assist the researcher in 
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making inferences about the predictors of change over time because conceptually and 

analytically, continuous change is not modeled in the RMA. 

The pre/post ANCOVA also assesses the statistical significance of each of the 

hypothesized predictors of change in the outcome variable. However, change is 

represented as an amount in these analyses, not as a process, and therefore predictors of 

rate of change are not assessed. The predictors of amount of change are assessed by 

inspecting significance test results and partitioning variance to calculate the magnitude of 

the relation between the predictor and the outcome. 

Summary and Limitations 
The comparisons presented in the current study were intended to illustrate both 

the problems as well as the relative advantages of five analytic strategies for addressing 

intraindividual and interindividual differences in change using longitudinal panel data. 

These comparisons were conducted using "real" rather than simulated data in order to test 

these models under the types of data conditions most social scientists generally face with 

longitudinal data: missing data and non-normally distributed variables. The comparisons 

involved the use of common strategies for handling missing values in longitudinal data to 

assess how the results from each analytic method compared both within and between the 

methods. In particular, because methods like HLM and IllA are able to estimate growth 

models despite missing values, it is assumed that these methods will therefore provide 

more accurate information with respect to change over time. Additionally, because 

individual growth models use more information (i.e. within- as well as between-subjects 

data) than do the traditional models for analyzing change, it is assumed that these 
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methods will provide more reliable and accurate information about change over time in 

the outcome of interest. The assumed improvement in accuracy is attributed to both 

increased power due to the inclusion of more information, as well as the ability to make 

inferences about intraindividual variability and change without being restricted to 

between-subjects information. 

The comparisons from the present study involved four broad domains of 

questions regarding change, commonly of interest to social scientists: information about 

the shape of the trajectory, information about "typical" change over time, information 

about intraindividual differences in change, and information about interindividual 

differences in change. As e.xpected, the traditional methods were not able to address 

information about the shape of change due to die underlying conceptual model of change 

on which these methods are based. The individual growth models do provide information 

about the shape of change, and in botli Study 1 and Study 2, the conclusions about the 

shape of the trajectory for the outcome of interest were inconsistent both within and 

between analytic methods. For Study I, LGM supported a second order polynomial 

function while IRA supported a third order polynomial. In Study 2, LGM supported a 

second order polynomial under listwise deletion and a different trajectory when missing 

data values were imputed. Whether these differences are substantial in practical terms, 

e.g., would these differences support disparate approaches to treatment or prevention 

attempts, is unclear. A third order polynomial means that the direction of the trajectory 

changes twice, while a second order polynomial trajectory changes direction only once. 

In the case of Study I, the third order polynomial trajectory reflects that heroin use 
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decreases immediately after the intervention, increases again, and then decreases by the 2 

year follow-up. A second order polynomial would not reflect that final decrease in heroin 

use, a result that might lead to different policy decisions. 

With respect to intraindividual differences in change, all three of the individual 

growth models are able to address these differences via a variety of statistical indices. 

However, the information is qualitatively different. Methods in which the person-level 

data is inspected prior to analyzing between-subjects differences permit researchers to 

assess the quality of intraindividual differences, rather than being limited to inferences 

based solely on the quantity of those differences. Thus the IRA method provided 

information about the fit of the hypothesized change trajectory for each individual, and 

lack of fit could be assessed qualitatively. Methods based solely on the inspection of 

covariance matrices could not provide such information. The traditional methods, as 

expected, provide only limited information about intraindividual differences in change, 

i.e. only whether those differences exist rather than the quality of those differences, 

because of the basis within the nomothetic perspective. All five methods were generally 

consistent with respect to conclusions regarding whether individual differences e.xisted in 

general, although they were inconsistent both between and within methods when 

assessing where along the trajectory those differences occurred. 

With respect to the predictors of change, results across the five methods varied 

depending on the method, the missing data conditions, and the deviation of the data from 

multivariate normality. In general, results from significance tests lead to different 

conclusions about the predictors of change in both Study I and Study 2. both within and 
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between the 5 analytic methods. However, information about the magnitude of the 

relation between the predictors and outcome were consistent for Study 1 both within and 

between the individual growth modeling techniques and the repeated-measures 

ANCOVA (RMA), and within and between the individual growth modeling techniques in 

Study 2. Varying levels of statistical significance were expected between the modeling 

techniques given the use of different estimation procedures, and within the modeling 

techniques given the different amounts of missing data. Although each method assumes 

normally distributed errors, each is likely to be differentially robust to violations of that 

assumption. 

Because the data used in the present study were obtained from "real" (versus 

simulated) data, the "true" answer to the questions regarding change for Study 1 and 

Study 2 are unknown. Therefore choosing one data analytic method over another based 

solely on statistical results (i.e. significance tests and/or parameter estimation) is difficult 

because there is no gold standard or "true" model by which to compare. The use of 

simulated data, where the "true" answer can be created and therefore provide a gold 

standard by which to compare the methods, would enhance the ability to make 

conclusions with respect to the validity of the results from each of the five methods 

examined in the present study. However, the limitation to using synthesized data is that 

researchers often regard data simulations as lacking generalizability to the types of data 

conditions they typically face. Therefore the focus of the present study was primarily on 

the validity of the application of each method with respect to questions about change in a 
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particular outcome. With such a focus, the critical information for emphasis is the 

adequacy of each method for addressing relevant questions regarding change. 

With respect to the validity of the application of these 5 methods to the analysis of 

change, the individual growth models provide more relevant and useful information 

regarding individual differences in change than do the traditional fixed effects models. 

This is not new information. The methodological literature is rife with examples and 

discussions that emphasize the inadequacy of fixed effects models for addressing the 

types of questions that are predominantly of interest for building theories of change in the 

social sciences. Where this study provides new information is in the comparison of the 

information regarding intra- and interindividual differences in change provided by each 

of the individual growth models, and comparison of the conclusions about interindividual 

differences in change across the traditional fixed effects models and the individual 

growth models. 

According to the results of this study, the IRA method provides more information 

about how individuals vary with respect to the hypothesized growth trajectory than do the 

HLM and LGM metliods. Individual regressions provide individual fit statistics, which 

inform how well the hypothesized trajectory fits each person, and where the trajectory 

does not fit. For example, in Study 1, some people exliibited a significant linear and 

quadratic slope and a nonsignificant cubic slope, while others e.xhibited a significant 

linear slope and nonsignificant quadratic and cubic slopes. In contrast, the HLM and 

LGM methods provide fit information at the model level, not at the individual level. 

Although model-level information is useful when constructing theories of change, it does 
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not inform the researcher about who the model does and does not fit. A model with good 

fit statistics could reflect a model that fits everyone generally well, or a model that fits a 

select group very well but others rather poorly. 

All three methods provide a model fit statistic, but the information portrayed is 

different. Again, IRA provides person-level model fit information, but does not provide 

this information at the model-level, i.e. the fit of the trajectory to all of the participants is 

not provided. Such information could be generated, perhaps by noting the average R~ 

across the sample. LGM does provide overall model fit statistics as well as model 

comparison indices by which to assess the fit of one trajectory model vs. another. These 

indices are an advantage of LGM because absolute and relative model fit information is 

useful when comparing or building theories of change. HLM provides information by 

which to compare different models of change, but unlike from IRA or the RMSEA 

from LGM, HLM does not provide an index of goodness of fit of a particular model. In 

other words, HLM relays information about relative but not absolute model fit. 

Another advantage of the IRA method is that it provides information in a metric 

that is understandable in terms of change. All 3 of the individual growth methods provide 

a data set composed of person-level estimates for each growth parameter indicating the 

each person's baseline estimate and rate of change. IRA provides parameter estimates in 

the form of unstandardized regression coefficients. These coefficients have an intuitive 

appeal for interpretation in the terms of change because they reflect the change in the 

dependent variable for every unit change in the independent variable. The HLM and 

LGM estimates on the other hand, are not in a metric that is readily interpretable in terms 



A Comparison of Five Methods 
171 

of change. For example, LGM provides this person-level data as factor scores. Factor 

scores do not have the same intuitive appeal as an unstandardized regression coefficient 

and are difficult to readily interpret into the units of change in which the investigator is 

interested. 

With respect to conclusions about the robustness of these methods to violations in 

the statistical assumptions on which they are based, data simulations would have been 

preferable. In the context of the present study, conclusions are limited with respect to the 

robustness of each method in terms of violations of multivariate normality and missing 

data. Information about the utility of each of these methods in the presence of these data 

conditions could be assessed in relative, but not in absolute terms. In general, all of the 

metliods appeared to be susceptible to nonnormal distributions and missing data. In Study 

1. the data distribution deviated somewhat from multivariate normal, but not severely (as 

evidenced by indices such as multivariate kurtosis and skew). Under these conditions, all 

5 of the methods generally converged on the same conclusions regarding intraindividual 

and interindividual differences in change. Significance test results varied with respect to 

the predictors of change, but the magnitude of the relation between the predictors and the 

outcome were generally consistent across the individual growth models and the RMA. 

The pre/post ANCOVA conceived of change in such a different manner that the results 

were not comparable. In Study 2, the data deviated severely from multivariate normality 

and under these conditions, the conclusions about change in rate of delinquency were 

disparate between methods. For example, the methods varied on conclusions regarding 

the change model, i.e. the shape of the change trajectory. Furthermore, conclusions were 
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disparate within methods, suggesting that missing data conditions also affected results. In 

fact, under different missing data conditions within the same method, conclusions were 

disparate regarding the shape of the change trajectory. Such an outcome should caution 

investigators regarding the reliability of the results from any of these analytic methods, 

particularly when data conditions are not ideal with respect to underlying statistical 

assumptions. 

Although the advantages of the individual growth modeling techniques for 

addressing individual differences in change were supported in the present study, it is 

important to discuss some of the limitations of these methods encountered as a result of 

conducting the analyses for the present study. First, as traditionally used, each of the 

individual growth modeling methods starts out with the specification of the same change 

trajectory for each individual. Individual differences are then assessed on that single 

change trajectory. Yet inspection of the individual adjusted R~ from the IRA analyses 

indicated that there was wide variability in the fit of the specified growth function, 

including a complete lack of fit. Thus the resulting estimated growth parameters for those 

for whom the trajector>' does not fit would appear to be irrelevant in terms of conclusions 

about change trajectories. We only know that a particular change trajectory does not fit. 

not what the best trajectory is for the individuals for whom fit is a problem. Instead, it 

might be more usefijl to create categories of types of trajectories, trying to find the 

optimal fit for each individual without venturing too far into over-fitting models to the 

point where the number of categories of trajectories is equal to the number of individuals! 

The predictors of change could then be applied to these different types of trajectories and 
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more might be learned about how individuals change over time and which variables 

characterize the systematic differences in change. Methodologists within the latent 

growth modeling field are currently exploring ways in which latent class analysis can be 

applied to latent growth modeling in order to group classes of change trajectories together 

(cf. Muthen, in press). There is no reason that similar attempts could not be made with 

individual growth curve analyses based on individual regressions. Methodologists within 

the field of hierarchical linear modeling could also develop methods by which to model 

different change functions and the predictors of those change parameters. These methods 

could further enhance the researcher's ability to make realistic assumptions about the 

nature and the availability of the data, and therefore as Nich and Carroll (1997) assert, 

about the nature of how people change. 



A Comparison of Five Methods 
174 

Table 1. Missing Data for Heroin and Cocaine Use 

Pattern of Missing Data No. of Individuals Missing Data 
N (%) 

Time at Which Data is Missing: 
Time 1 (baseline) 9 (2.5%) 
Time 2 (6 months) 33 (9.1%) 
Time 3 (12 months) 38 (10.5) 
Time 4(18 months) 49(13.5%) 
Time 5 (24 months) 67(18.5%) 

Total No. of Missing Data Points: 
0 274 (75.7%) 
1 34 (9.4%) 
2 22 (6.1%) 
J 15(4.1%) 
4 12(3.3%) 
5 5 (1.4%) 

Note. Total N = 362. Frequencies of missing data for cocaine use 
vs'ere the same. 
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Table 2. Missing Data for Delinquent Behaviors 

Pattern of Missing Data No. of Individuals Missing Data 
N (%) 

Time at Which Data is Missing: 
Time I (age 11) 0(0.0%) 
Time 2 (age 12) 10(4.1%) 
Time 3 (age 13) II (4.5%) 
Time 4 (age 14) 21(8.6%) 
Time 5 (age 15) 21 (8.6%) 
Time 6 (age 18) 23(9.4%) 
Time 7 (age 21) 42(17.1%) 

Total No. of Missing Data Points: 
0 188(76.7%) 
1 34(13.9%) 
2 4(1.6%) 
3 3(1.2%) 
4 8 (3.3%) 
5 3(1.2%) 
6 5 (2.0%) 
7 0 (0%) 

Note. Total N = 245. prior to deleting two outliers. 
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Table 3. Data Sets and Methods Used in Studies 1 and 2 

Method Data set A 
(listwise) 

Data set B 
(imputation) 

Data set C 
(minimum of 4" 

or S** waves) 

Data set D 
(original data) 

IRA X X X 

LGM X X 

HLM X X X 

RMA X X 

ANCOVA X X 

Note; IRA = ndividual Regressions Analysis; LGM = Latent Growth Modeling; HLM = 
Hierarchical Linear Modeling; RMA = Repeated Measures ANCOVA; ANCOVA = 
pre/post test ANCOVA. 
"For Study 1, a minimum of 4 of 5 waves was used. 
''For Study 2, a minimum of 5 of 7 waves was used. 
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Table 4. Means and Standard Deviations for Variables in Studv 1 

Means (SD) 

Data Set A Data Set B Data Set C Data Set D 
Heroin Use Tl 13.4(11.0) 13.3 (11.0) 13.1 (10.9) 13.1 (10.9) 

T2 6.0 (9.8) 6.6(10.1) 6.3 (10.0) 6.3 (10.0) 
T3 7.2(11.1) 7.7(11.4) 8.0(11.6) 8.0(11.6) 
T4 9.0(12.3) 9.2(12.4) 9.3 (12.5) 9.3 (12.5) 
T5 8.2(11.4) 8.8(11.6) 8.4(11.5) 8.4(11.5) 

Cocaine Use Tl 3.6 (7.0) 3.4 (6.8) 3.2 (6.4) 3.2 (6.4) 
T2 4.1 (7.8) 4.2 (7.9) 4.1 (7.8) 4.1 (7.8) 
T3 3.5 (7.2) 3.6 (7.5) 3.9 (7.8) 3.9 (7.8) 
T4 3.2 (7.0) 3.3 (7.3) 3.4 (7.5) 3.4 (7.5) 
T5 2.2 (6.1) 2.5 (6.4) 2.3 (6.1) 2.3 (6.1) 

TXNOMTGl 7.0 (21.4) 7.3 (21.9) 7.2 (20.9) 7.2 (20.9) 

AVGTXMTG 10.7(20.0) 11.0(19.7) 10.7(19.1) 10.7(19.1) 

AGE_IUSE 13.6 (3.6) 13.6 (3.6) 13.6 (3.6) 13.6 (3.6) 

Note: SD = Standard Deviation; TI = Time 1 or Baseline; T2 = 6 months; T3 = 12 
months; T4 = 18 months; T5 = 24 months. Data Set A = listvvise deleted data (N=274); 
Data Set B = imputed data (N=307); Data Set C = those with minimum of 4 observations 
(N=300); Data Set D = original data (N=362). 
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Table 5. Study 1: Individual Regressions Analysis Results for Level I Model 

Mean 
Adj R~(sd) 

Mean 
Intercept 

(sd) 

Mean 
Linear Slope 

(sd) 

Mean 
Quadratic 

Slope 
(sd) 

Mean 
Cubic Slope 

(sd) 

Dataset A 
heroin 
cocaine 

.65 (.40) 

.50 (.46) 
13.2(10.9) 

4.0 (7.2) 
-11.4 (20.2) 

-.45(11.5) 
5.6(11.8) 

.24 (6.8) 
-0.79(1.9) 
-0.06(1.1) 

Dataset B 
heroin 
cocaine 

.65 (.40) 

.50 (.48) 
13.1 (10.8) 

3.9 (7.0) 
-10.5 (20.2) 

-.10(11.5) 
5.1 (11.5) 
.09 (6.9) 

-0.70(1.8) 
-0.04(1.1) 

Dataset C 
heroin 
cocaine 

.64 (.40) 

.50 (.47) 
13.1 (10.9) 

3.9 (7.0) 
-10.4(19.9) 
-.35 (10.9) 

5.2(11.4) 
.24 (6.5) 

-0.70(1.9) 
-0.06(1.0) 

Note: Adj R~ = Adjusted R-Square; sd = Standard Deviation; Dataset A = listwise de eted 
data (N=274); Dataset B = imputed data (N=307); Dataset C = only those participants 
with minimum of 4 observations (N=300). 
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Table 6. Study 1: Correlations Between Individual Regressions Growth Parameters 

Intercept Linear Quadratic Cubic 

Intercept 1.00 
Linear -0.57 1.00 
Quadratic 0.31 -0.91 1.00 
Cubic -0.20 0.80 -0.97 1.00 

Note: All correlation coefficients are statistically significant (£ < .01) 
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Table 7. Study 1: Individual Regressions Analysis Results Level 2 Model 

Dataset A Dataset B Dataset C 
B R^ B R^ B 

Intercept .06 .06 .06 
Constant 15.12* 14.70* 14.50* 
AGE_1USE .02 .02 -.04 
Cocaine intercept .30* .30* .30* 
TXNOMTGl -.04 -.04 -.04 
Tx condition 1 -3.9 -3.6 -3.7 

2 -3.1 -2.1 -1.7 
J -4.0 -3.8 -3.7 
4 -4.2 -2.9 -2.9 
5 -1.7 -1.6 -1.6 

Linear Slope .35 .35 .35 
Constant 1.40 0.96 0.73 
Heroin intercept -1.10* -1.05* -1.0* 
Cocaine intercept 0.09 0.23 0.17 
Cocaine linear 0.56 0.84 0.57 
Cocaine quad 2.70 3.33 2.12 
Cocaine cubic 13.9 15.5 10.4 
AGE lUSE -0.16 0.00 -0.08 
AVGTXMTG -0.03 -0.02 -0.04 
Tx condition 1 5.4 4.9 4.7 

2 3.8 4.2 4.2 
J 1.6 1.4 1.6 
4 0.6 -.63 .07 
5 2.7 2.6 2.5 
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Quadratic Slope .90 .90 .89 
Constant 2.13* 2.26* 2.60* 
Heroin linear -0.62* -0.61* -0.62* 
Heroin intercept -0.32* -0.31* -0.34* 
Cocaine intercept 0.18* 0.20* 0.24* 
Cocaine linear 0.50* 0.59* 0.80* 
Cocaine quad 0.90 1.31* 2.18* 
Cocaine cubic I.IO 2.71* 6.10* 
AGE lUSE -0.03 -0.01 0.00 
AVGTXMTG -0.01 -0.01 0.00 
Tx condition 1 -0.01 -0.14 -0.01 

2 -0.12 -0.12 0.51 
J 0.31 0.13 -0.02 
4 -0.07 -0.32 -0.76 
5 0.63 0.19 0.31 

Cubic Slope .99 .99 .98 
Constant 0.09* 0.09* 0.10* 
Heroin quad -0.24* -0.24* -0.26* 
Heroin linear -0.06* -0.06* -0.07* 
Heroin intercept -0.01* -0.01* -0.01* 
Cocaine intercept .006* .005* .005 
Cocaine linear 0.03* 0.03* 0.02* 
Cocaine quad 0.12* 0.11* 0.06 
Cocaine cubic 0.46* 0.45* 0.23 
AGE lUSE 0.00 0.00 0.00 
AVGTXMTG 0.00 -.001 -.002* 
Tx condition 1 0.02 0.04 0.02 

2 -0.03 .002 0.03 
J 0.06 0.01 0.02 
4 0.00 0.02 0.05 
5 0.03 0.00 0.00 

2 model. Dataset A = listwise deleted data (N=274); Dataset B = imputed data (N=307); 
Dataset C = only those participants with minimum of 4 observations (N=300). 
* E -05 
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Table 8. Study 1: Latent Growth Modeling Results for Level 1 Model 

AASR CFI y f m  E Mean 
Intercept 

Factor 

Mean 
Slope 1 
Factor" 

Mean 
Slope 2 
Factor'' 

Dataset A 
heroin .009 l.O .83 (4) .93 12.27 -4.62 .93 
cocaine .010 1.0 1-1 (3) .78 2.98 .95 NA 

Dataset B 
heroin 
cocaine 

.006 

.040 
1.0 
.99 

.60 (4) 
7.9 (3) 

.96 

.05 
12.34 
3.1 

4.22 
.91 

.85 
NA 

Note: AASR = Average Absolute Standardized Residual; CFI = Comparative Fit Index; 
^ = error degrees of freedom. Dataset A = listwise deleted data (N=274): Dataset B = 
imputed data (N=307). 
" The first slope factor for heroin use reflected linear growth, while the slope factor for 
cocaine use was estimated freely and was nonlinear. 
'' The second slope factor for heroin use was a quadratic growth factor. A second slope 
factor was not estimated for the cocaine use model. 
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Table 9. Studv 1: Hierarchical Linear Modeling Results for Level 1 Model 

SBC Residual Intercept Linear Quadratic Cubic 
variance Slope Slope Slope 

Dataset A 
Model I -5231.22 93.43 10.25* -0.74* NA NA 
Model 2 -5208.84 78.38 12.22* -4.70* 0.99* NA 
Model 3 -5199.52 71.97 13.32* -12.60* 6.50* -0.92* 
Model 4 -5187.80 72.43 13.32* -12.60* 6.50* -0.92* 

Dataset B 
Model 1 -5863.89 90.89 11.10* -0.65* NA NA 
Model 2 -5840.43 75.92 17.50* -6.14* 0.92* NA 
Model 3 -5832.21 71.28 31.15* -25.32* 8.23* -0.81* 
Model 4 -5821.71 71.28 31.15* -25.32* 8.23* -0.81* 

Dataset D 
Model I -6173.79 93.41 10.45* -0.67* NA NA 
Model 2 -6152.02 79.99 12.07* -4.11* 0.88* NA 
Model 3 -6142.39 74.46 13.01* -11.47* 6.09* -0.88* 
Model 4 -6130.86 74.64 13.01* -11.43* 6.06* -0.87* 

Note: SBC =Schwarz's Bayesian Criterion. Model 1 = Linear growth only; Model 2 = 
second order polynomial; Model 3 = third order polynomial, all components specified as 
random effects; Model 4 = third order polynomial, linear and quadratic only specified as 
random effects. Dataset A = listwise deleted data (N=274); Dataset B = imputed data 
(N=307). Dataset D = original data (N=362). NA = non-applicable (parameter was not 
specified in the model and therefore was not estimated). 
*p < .01. 
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Table 10. Study 1: Hierarchical Linear Modeling Results for Level 2 Model 

SBC Residual 
variance 

Intercept Linear 
Slope 

Quadratic 
Slope 

Cubic 
Slope 

Dataset A -5144.90 70.03* 14.87* -15.86* 7.30* -0.97* 

Dataset B -5789.02 68.63* 36.64* -30.70* 9.46* -0.90* 

Dataset D -6050.05 71.58* 14.11* -14.71* 7.06* -0.96* 

Note: SBC =Sch\varz's Bayesian Criterion. Dataset A = listwise deleted data (N=274); 
Dataset B = imputed data (N=307). Dataset D = original data (N=362). 
* E<.05. 
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Table 11. Study 1: Repeated Measures ANCOVA Results for Between-Subiects Effects 

F(df) 
Dataset A Dataset B 

Constant 471.53 (1,265)* 534.23 (1,298)* 

Age first used drugs/intox'd .031 (1,265) .01 (1,298) 

Change in cocaine use 2.72 (L 265)* 7.74(1.298)* 

Avg. no. of tx meetings 5.09(1,265)* 8.59(1,298)* 

Tx Condition 1 .43 (1, 265) .52 (1.298) 

2 .78 (1,265) .03 (1,298) 

4 .41 (1, 265) .26(1.298) 

5 1.01 (1, 265) .35 (1.298) 

6 .48 (1. 265) .002(1.298) 

Note: F = F-test for Between-Subjects Effects; df = hypothesis degrees of freedom, error 
degrees of freedom; Dataset A = listvvise deleted (N=158); Dataset B = imputed data 
(N=224). 
*£ < .05. 
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Table 12. Study 1: ANCOVA Results 

[SE) Eta-Squared 
Dataset A Dataset B Dataset A Dataset B 

Constant -8.45 -8.45 .116 .092 
Tx Condition D1 3.50 4.43 .006 .011 

D2 -0.45 -0.48 .002 .001 
D3 3.60 3.97 .002 .002 
D4 3.90 2.98 .001 .001 
D5 4.40 2.90 .007 .002 

AGE lUSE -2.65 -2.20 .000 .000 
CHG COKE -0.93 -0.95 .07 .083 
AVGTXMTG -0.04 -0.04 .007 .003 
DI X AGE_IUSE 0.90 0.93 .001 .002 
D2xAGE lUSE 0.77 0.63 .001 .002 
D3 X AGE_1USE 0.22 0.07 .000 .001 
D4x  AGE_1USE 0.65 0.56 .002 .002 
D5 X AGE_1USE 0.59 0.42 .002 .001 
Dl xCHG_COKE 0.03 0.16 .002 .002 
D2xCHG COKE 0.77 0.78 .007 .007 
D3 X CHG COKE 0.41 0.55 .003 .004 
D4xCHG COKE 0.32 0.55 .003 .003 
D5 X CHG_COKE 0.07 0.27 .000 .006 
Dl X AVGTXMTG 0.20 0.18 .004 .003 
D2 X AVGTXMTG 0.10 -0.01 .000 .004 
D3 X AVGTXMTG 0.02 -0.01 .002 .000 
D4 X AVGTXMTG -0.04 -0.02 .000 .000 
D5 X AVGTXMTG -0.08 -0.07 .001 .001 
Note: B = Unstandardized parameter estimate; SE = standard error of the estimate; 
Dataset A = listwise deleted (N=164); Dataset B = imputed data (N=236). 
*2 < -05. 
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Table 13. Means and Standard Deviations for Variables in Studv 2 

Means (SD) 

Data Set A Data Set B Data Set C Data Set D 

Delinquency T1 -0.09 (.14) -0.08 (.14) -0.08 (.14) -0.08 (.14) 
T2 -0.10(.12) -0.09 (.14) -0.09 (.14) -0.09 (.14) 
T3 -0.09 (.12) -0.08 (.16) -0.07 (.16) -0.08 (.16) 
T4 -0.07 (.21) -0.05 (.26) -0.05 (.26) -0.05 (.26) 
T5 -0.05 (.22) -0.03 (.28) -0.03 (.28) -0.03 (.28) 
T6 0.003 (.32) 0.004 (.30) 0.004 (.31) 0.004 (.31) 
T7 -0.01 (.21) -0.01 (.28) -0.002 (.22) -0.002 (.22) 

Attitudes T1 3.74 (.25) 3.74 (.26) 3.74 (.26) 3.74 (.26) 
T2 3.73 (.25) 3.70 (.28) 3.71 (.27) 3.70 (.28) 
T3 3.60 (.41) 3.55 (.41) 3.56 (.41) 3.55 (.41) 
T4 3.40 (.45) 3.43 (.46) 3.44 (.46) 3.43 (.46) 
T5 3.40 (.45) 3.37 (.49) 3.38 (.50) 3.37 (.49) 
T6 3.40 (.42) 3.31 (.61) 3.35 (.47) 3.31 (.61) 
T7 3.30 (.42) 3.31 (.65) 3.31 (.42) 3.31 (.65) 

Deviant Peers T1 0.23 (.93) 0.31 (1.00) 0.31 (1.00) 0.31 (1.00) 
T2 -0.006 (.50) -0.05 (.50) -0.07 (.50) -0.07 (.50) 
T3 0.08 (.63) 0.13 (.71) 0.13 (.72) 0.13 (.72) 
T4 0.25 (.80) 0.29 (.91) 0.31 (.92) 0.31 (.92) 
T5 0.33 (.77) 0.39 (.95) 0.40 (.94) 0.40 (.94) 
T6 0.64 (.95) 0.74(1.02) 0.72(1.00) 0.72(1.00) 
T7 0.50 (.77) 0.55 (1.23) 0.56 (.80) 0.56 (.80) 

Parent Labeling 2.50 (.50) 2.56 (.51) 2.56 (.51) 2.56 (.51) 

Note: SD = standard deviation; Dataset A = listwise deleted data (N=158): Dataset B = 
imputed data (N=227); Dataset C = only those participants with minimum of 5 
observations (N=211); Dataset D = original data set (N=243). T1 = Time 1 or age 11; T2 
= age 12; T3 = age 13; T4 = age 14; T5 = age 15; T6 = age 18; T7 = age 21. 
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Table 14. Study 2: Individual Regressions Analysis Results for Level 1 Model 

Mean 
Adj R-(sd) 

Min, Max 
Adj R-

Mean 
Intercept 

(sd) 

Mean 
Linear 
Slope 
(sd) 

Mean 
Quadratic 

Slope 
(sd) 

Mean 
Cubic Slope 

(sd) 

Dataset A 
delinquency 
attitudes 
exposure 

.43 (.39) 

.42 (.35) 

.49 (.33) 

-.20. 0.99 
-.20, 1.00 
-.20. 1.00 

0.02(1.73) 
3.87 (0.47) 
0.08 (1.53) 

-0.11 (.99) 
-0.12 (.41) 
-0.07 (.95) 

0.03 (.16) 
.007 (.08) 
0.02 (.17) 

-.0015 (.008) 
-.00005 (.004) 
-.0008 (.009) 

Dataset B 
delinquency 
attitudes 
exposure 

.48 (.39) 

.46 (.37) 

.55 (.36) 

-.20, 1.00 
-.20, 1.00 
-.92, 1.00 

-0.01 (1.55) 
3.87 (0.51) 
0.48 (1.59) 

-0.08 (.92) 
-0.12 (.47) 
-0.33 (1.06) 

0.02 (.16) 
.006 (.09) 
0.09 (.21) 

-.0014 (.009) 
-.00001 (.005) 

-.005 (.013) 

Dataset C 
delinquency 
attitudes 
exposure 

.45 (.38) 

.44 (.36) 

.49 (.37) 

-.28. .99 
-.24. 1.00 
-.28. 1.00 

-0.07 (.24) 
3.87 (0.51) 
0.09(1.64) 

-0.02 (.22) 
-0.12 (.46) 
-0.06(1.08) 

.007 (.05) 

.007 (.10) 
.01 (.23) 

? ;—Tz  ' 

-.0005 (.004) 
-.0001 (.007) 
-.0006 (.015) 

' 

Note: sd = Standard Deviation; Min = Minimum; Max = Maximum; Adj R~ = Adjusted 
R-Square. Dataset A = listvvise deleted data (N=158); Dataset B = imputed data (N=227); 
Dataset C = only those participants with minimum of 5 observations (N=211). 
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Table 15. Study 2: Correlations Between Individual Regressions Growth Parameters 

Intercept Linear Slope Quadratic Slope Cubic Slope 

Intercept 1.00 
Linear Slope -0.87 1.00 
Quadratic Slope 0.72 -0.91 1.00 
Cubic Slope -0.55 0.77 -0.96 1.00 

Note: All correlation coefficients are statistically significant (g < .01) 
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Table 16. Study 2: Individual Regressions Analysis Results Level 2 Model 

Dataset A Dataset B Dataset C 
B R^ B R^ B R^ 

Intercept .08 .07 .01 
Constant -0.07* -0.08* -0.07* 
SEX 0.02 0.06 0.01 
Peers Intercept 0.02 0.03 0.01 
Attitudes Intercept -0.07 -0.03 -0.03 
Parental Labeling 0.04 0.07* 0.06' 
SEX X Peer Intercept -0.04 -0.04 -0.03 
SEX X Attitudes Intercept -0.14 -0.11* 0.02 

Linear Slope .82 .87 .82 
Constant -0.08* -0.07* -0.08* 
Delinq Intercept -0.68» -0.74* -0.77* 
SEX 0.01 0.005 O.OI 
Peers Intercept 0.06 0.07* 0.07* 
Attitudes Intercept 0.07 0.04 -.005 
Parental Labeling 0.02 0.02'' 0.02 
Peer Linear 0.12* 0.13* 0.12* 
Attitudes Linear 0.05 0.02 -0.03 
SEX X Peer Intercept 0.00 0.00 0.00 
SEX X Attitudes Intercept -0.06 -0.04 -0.06 
SEX X Peer Linear -0.02 0.02 -0.01 
SEX X Attitudes Linear -0.04 -0.04 -0.03 
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Quadratic Slope .94 .96 .95 
Constant -.003* -0.006* -0.001 
Delinq Linear -0.26* -0.26* -0.27* 
Delinq Intercept -0.05* -0.05* -0.06* 
SEX -.002 -.001 0.00 
Peers Intercept 0.002* 0.01* .006* 
Attitudes Intercept -.005 -.007 0.00 
Parental Labeling 0.002 0.002 0.003 
Peer Linear 0.02* 0.05* 0.04* 
Peer Quadratic 0.13* 0.20* 0.20* 
Attitudes Linear -0.03 -0.03* -0.04* 
Attitudes Quadratic -0.10 -0.07* -0.20* 
SEX X Peer Intercept 0.006 0.004 0.003 
SEX X Attitudes Intercept .008 0.014^ 0.011 
SEX X Peer Linear 0.02 0.013 -0.005 
SEX X Peer Quadratic 0.07 0.05 -0.08* 
SEX X Attitude Linear -.003 0.03* 0.04* 
SEX X Attitude Quadratic -0.07 0.04 0.17* 

Cubic Slope .998 .997 .992 
Constant -.00005* -.00008* 0.00 
Delinq Quadratic -0.10* -0.10* -0.11* 
Delinq Linear -0.008* -0.01* -0.01* 
Delinq Intercept -.0007* -.0007* -0.001* 
SEX .00007* 0.00 .0001* 
Peers Intercept 0.00 0.00 0.003* 
Attitudes Intercept 0.00 0.00 0.00 
Parental Labeling 0.00 0.00 0.00 
Peer Linear .0007 .0007 0.002* 
Peer Quadratic .006 .006 0.02* 
Peer Cubic 0.07 0.07 0.18* 
Attitudes Linear 0.00 0.00 0.00 
Attitudes Quadratic -.007 -.003 -.006 
Attitudes Cubic 0.08 -.03 -.07 
SEX X Peer Intercept 0.00 0.00 0.00 
SEX X Attitudes Intercept 0.00 0.00 0.00 
SEX X Peer Linear .001* 0.002* 0.00 
SEX X Attitude Linear 0.00 0.00 0.00 
SEX X Peer Quadratic 0.01* 0.02* -.007 
SEX X Altitude Quadratic 0.00 0.00 0.00 
SEX X Peer Cubic 0.12* 0.23* -0.10* 
SEX X Attitude Cubic 0.10 0.04 0.06 
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Note: B = Unstandardized regression weight; = Adjusted R-Square for each Level 2 
model. Dataset A = listwise deleted data (N=158); Dataset B = imputed data (N=227); 
Dataset C = only those participants with minimum of 5 observations (N=211). 

< -05 
>< .07  
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Table 17. Study 2: Latent Growth Modeling Results for Level 1 Model 

AASR CFI r(^o Mean Mean Mean Mean r(^o 
Intercept Linear Quadratic Cubic 

Factor Slope Slope Slope 
Factor Factor Factor 

Dataset A 
delinquency .14 .84 77.05(12)* .012 .003 .000 NA 
peers .05 .97 28.15(15)* -0.12 .017 -.001 NA 
altitudes .10 .91 53.86(11)* .012 -.009 .003 .000 

Dataset B 
delinquency- .03 .99 11.20 (5) -0.09 -.002 .006 .000 
peers .05 .99 16.40 (9) -.006 .007 -.001 NA 
attitudes .05 .97 25.80(11)* .002 -.001 .001 .000 

Note: AASR = Average Abso ute Standardized Residua ; CFI = Comparative Fit Index; 
^ = error degrees of freedom; NA = not applicable (parameter was not estimated); 
Dataset A = listwise deleted data (N=I64); Dataset B = imputed data (N=237). 
* £ < .05 
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Table 18. Studv 2: Hierarchical Linear Modeling Results for Level 1 Model 

SBC Residual 
variance 

Intercept Linear 
Slope 

Quadratic 
Slope 

Cubic 
Slope 

Datasct A 
Model 1 
Model 3 

386.98 
360.99 

0.020 
0.025 

-0.09* 
-0.10* 

0.00 
0.02* 

.004 
-.0007 

-.0003 
NA 

Dataset B 
Model I 
Model 3 

342.12 
314.98 

0.020 
0.026 

-0.08* 
-0.12* 

-0.01 
0.02* 

.006 
-.0012* 

-.0004* 
NA 

Dataset D 
Model I 
Model 3 

386.98 
360.99 

0.020 
0.025 

-0.09* 
-0.10* 

0.00 
0.02* 

.004 
-.0007 

-.0003 
NA 

Note: SBC =Schwarz's Bayesian Criterion. Model 1 = third order polynomial, all 
components specified as random effects; Model 5 = second order polynomial, linear and 
quadratic only specified as random effects. Dataset A = listwise deleted data (N=186); 
Dataset B = imputed data (N=242). Datziset D = original data (N=243). NA = non-
applicable (parameter was not specified in the model and therefore was not estimated). 
*p < .01. 
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Table 19. Study 1: Hierarchical Linear Modeling Results for Level 2 Model 

Dataset A Dataset B Dataset D 
B A Fij B Ar.j B Af i j  

Conditional Model 13% 13% 13% 
Intercept -O.IO* -0.11* -0.10* 

TIME .011 .013 .011 
TIME^ .002 .003 .002 
TIME" -.0003 -.0004 -.0003 
SEX 0.03 0.03* 0.03 
DEVPEER .002 .004 .002 
DEVATT -.013 0.03 -0.01 
BADKID 0.06* 0.06* 0.06* 
SEXPEER -0.01 -0.01 -0.01 
SEXATT -0.10 -0.1 P -0.10 
TIME xSEX -0.02 -0.02 -0.02 
TIME X DEVPEER 0.04* 0.03 0.04* 
TIME X DEVATT -0.10* -0.14* 1 p

 
O

 

TIME X BADKJD -0.02 -0.02 -0.02 
TIME X SEXPEER 0.04 0.04* 0.04 
TIME X SEXATT 0.13* 0.13* 0.13* 
TIME^ X SEX .005 .004 .005 
TIME^ X DEVPEER .003 .004 .003 
TIME^ X DEVATT 0.03* 0.03* 0.03* 
TIME^ X BADKID .006 .004 .005 
TIME^ X SEXPEER -.013* -.013* -.013* 
TIME- X SEXATT -0.04* -0.02 -0.04* 
TIME" X SEX 0.00 0.00 0.00 
TIME" X DEVPEER 0.00 0.00 0.00 
TIME" X DEVATT -.002* -.002* -.002* 
TIME" X BADKID 0.00 0.00 0.00 
TIME" X SEXPEER b

 
o

 *
 

.001* .001* 
TIME" X SEXATT .002* .001 .002* 
Note: B = Unstandardized regression weight; A r,j = Change in the residual variance from 
the unconditional to the conditional model with covariates. Dataset A = listwise deleted 
data (N=I 86); Dataset B = imputed data (N=242). Dataset D = original data (N=243). 
*2 < -05 
^p< .06  
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Table 20. Study 2: Repeated Measures ANCOVA Results for Within-Subiects Effects 

F(dO 
Dataset A Dataset B 

Delinquency (DQ) 7.75 (6, 148)* 8.58(6. 221)* 
DQ .X SEX 4.40 (6, 148)* 4.37(6. 221)* 
DQ X Baseline DEVPEER .75 (6, 148) .99 (6, 221) 
DQ X Baseline DEVATT 1.06(6, 148) .52 (6, 221) 
DQ X BADKID 1.33 (6, 148) 2.36(6, 221)* 
DQ X DEVPEER change 10.76 (6, 148)* 8.77 (6, 221)* 
DQ X DEVATT change .87 (6, 148) 3.98 (6, 221)* 
DQ X SEX X Baseline 
DEVPEER 

.62 (6, 148) 1.08 (6. 221) 

DQ X SEX X Baseline 
DEVATT 

1.35 (6, 148) 2.57(6. 221)* 

DQ X SEX X DEVPEER 1.76 (6, 148) 2.50(6. 221)* 
DQ X SEX X DEVATT 1.22 (6, 148) 7.19(6, 221)* 
Note: F = F-test for Within-Subjects Effects; df = hypothesis degrees of freedom, error 
degrees of freedom; Dalaset A = listwise deleted (N=164); Dataset B = imputed data 
(N=236). 

< .05. 
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Table 21. Studv 2: ANCOVA Results 

B{ :SE) Eta-Squared 
Dataset A Dataset B Dataset A Dataset B 

Intercept -.11 (.02)* -.125 (.02)» .15 .09 
SEX 0.08 (.03)* 0.11 (.03)* .09 .09 
Baseline DEVPEER -0.15 (.03)» -0.11 (.03)* .001 .003 
Baseline DEVATT -0.15 (.08) -0.05 (.07) .003 .002 
BADKID 0.06 (.03) 0.10(.03)* .02 .03 
DEVPEER change 0.14 (.03)* 0.10 (.02)* .21 .14 
DEVATT change -.004 (.06) .02 (.008)* .001 .07 
SEX X Baseline 
DEVPEER 

0.09 (.06) 0.06 (.04) .000 .001 

SEX X Baseline 
DEVATT 

0.16 (.14) 0.03 (.13) .002 .000 

SEX X DEVPEER -0.08 (.05) -0.06 (.03)* .013 .01 
SEX X DEVATT -0.06 (.09) -0.06 (.01)* .002 .16 
Note: B = Unstandardized parameter estimate; SE = standard error of the estimate; 
Dataset A = iistwise deleted (N=164); Dataset B = imputed data (N=236). 
*2 -05. 
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Table 22. Growth Parameter Estimates for Individual Growth Modeling Methods 

Mean Intercept 
(se) 

Mean 
Linear Slope 

(se) 

Mean 
Quadratic Slope 

(se) 

Mean 
Cubic Slope 

(se) 

Study 1: Heroin Use 

IRA 
Dataset A 
Dataset B 
Dataset C 

13.2 (.62) 
13.1 (.66) 
13.1 (.62) 

-11.4(1.13) 
-10.5 (1.24) 
-10.4(1.15) 

5.6 (.65) 
5.1 (.72) 
5.2 (.66) 

-0.79 (.11) 
-0.70 (.12) 
-0.70 (.10) 

LGM 
Dataset A 
Dataset B 

12.27 (.60) 
12.34 (.63) 

-4.62 (.71) 
-4.22 (.73) 

.93 (.15) 

.85 (.16) 
NA 
NA 

HLM 
Dataset A 
Dataset B 
Dataset D 

-.01 (.33) 
-.16 (.51) 
.33 (.25) 

-.04 (.29) 
.76 (.51) 
-.03 (.27) 

-.08 (.31) 
-.70 (.51) 
-.20 (.24) 

.16(.31) 

.09 (.49) 
-.07 (.24) 

Study 2: Delinquency 

IRA 
Dataset A 
Dataset B 
Dataset C 

.02 (.13) 
-.01 (.10) 
-.07 (.02) 

-.11 (.07) 
-.08 (.06) 
-.02 (.01) 

.03 (.01) 

.02 (.01) 
.007 (.004) 

-.001 (.0006) 
-.001 (.0005) 

-.0005 (.0002) 

LGM 
Dataset A 
Dataset B 

-.10(0.00) 
-.09 (.006) 

.009 (0.00) 
-.002 (.007) 

0.00 (0.00) 
.006 (.003) 

NA 
0.00 (0.00) 

HLM 
Dataset A 
Dataset B 
Dataset D 

0.00 (.003) 
0.00 (.003) 
0.00 (.008) 

0.00 (.006) 
0.00 (.006) 
0.00 (.008) 

0.00 (.002) 
0.00 (.002) 
0.00 (.002) 

0.00 (.0001) 
0.00 (.0001) 
0.00 (.0001) 

Regressions Analysis; LGM = Latent Growth Modeling; HLM = Hierarchical Linear 
Modeling; Dataset A = listwise deleted data; Dataset B = imputed data; Dataset C = 
participants with minimum observations for parameter estimation. Dataset D = original 
data, no imputation or deletion. NA = Not Applicable (parameter was not estimated). 
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Table 23. Estimated Mean Growth Trajectory for Heroin Use for Four Methods 

Baseline 6 Months 12 Months 18 Months 24 Months 

RMA 8.96 8.21 13.4 6.03 7.2 

IRA 13.20 6.61 6.48 8.07 6.64 

HLM I -.01 .03 .87 3.47 8.79 

HLM I I  13.3 6.28 6.74 9.16 8.02 

LGM 12.70 9.01 7.18 7.21 9.10 

Note: RMA = Repeated Measures ANCOVA; IRA = Individual Regressions Analysis; 
HLM = Hierarchical Linear Modeling; LGM = Latent Growth Modeling. HLM I = data 
based on estimated individual growth parameters; HLM II = data based on fixed effects 
estimates. 
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Table 24. Domains of Questions Regarding Change and Statistical Indices for Each of 
Five Analytic Methods 

Shape of 
Change 

Trajectory 

"Typical" 
Change 

Intraindividual 
Differences in 

Variability & Change 

Interindividual 
Differences in Change 

IRA Individual growth 
parameters; Level 

1 model fit (Adj 
R') 

Mean (or 
median) of 

growth 
parameters 

SD and CI's for mean 
growth parameters; 
Individual growth 

parameters; Variability 
in observed score at 

each time point 

Magnitude, sign and 
significance of P; % of 
total variance explained 

by predictor (partitioning 
sums of squares); Level 2 

model fit (Adj R") 

LGM Uncond'l model 
factor loadings; 
model fit indices 
(CFI, AASR); 

model comparison 
indices (AlC) 

Mean growth 
factor (using 

mean structures 
analysis) 

Variance estimates for 
growth factors; error 

variances for observed 
scores at each time 

point 

Magnitude and 
significance of path 

coefficient; % of variance 
explained by predictor 
(squaring error term) 

HLM Model 
comparison 

indices (AIC, 
SBC) 

Estimates of 
fixed effects for 

growth 
parameters 

Variances of random 
effects for growth 

parameters 

Residual from conditional 
model/ residual from 
unconditional model 

RMA Hypothesis tests 
for polynomial 
contrasts 

Mean outcome 
score for each 

time point 

Sphericity tests; SD and 
CPs about mean 

outcome scores at each 
lime point 

Magnitude, sign and 
significance of (3; F-tests 

for between-subjects 
model 

ANCOVA N/A Mean difference 
score for 
outcome 

SD and CI's about 
mean difference score 

for outcome 

Magnitude, sign and 
significance of 3; F-tests 

for predictors 

Note: IRA = Individual Regressions Analysis method; LGM = Latent Growth Modeling 
method; HLM = Hierarchical Linear Modeling method; RMA = Repeated Measures 
ANCOVA method; ANCOVA = Pretest/Posttest ANCOVA method. SO = standard 
deviation. CTs = confidence intervals. 
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Table 25. SAS Output for Level 1 Model: Individual Regressions 

N = 5 

CLIENT ID NUMBER=3 

Regression Models for Dependent Variable: HERON30 

Adj usted R-square Root Variables 
R-square In MSE 

0 . 92857143 0. 98214286 3 0 . .23904572 LINE QU.AD 
0 . 71428571 0. 85714286 2 0, .47809144 LINE QUAD 
0 . 56250000 0. 78125000 2 0. . 59160798 LINE CUBE 
0 . 33333333 0. 50000000 1 0. .73029674 LINE 
0. 09642302 0. 54821151 2 0, .85021267 QUAD CUBE 
0 . 01149425 0-25862069 1 0. .88927195 QUAD 

10265283 0. 17301038 1 0. , 93921364 CUBE 

CLIENT ID NUMBER=3 

Model: MODEL1 
Depende.nt Variable: HERON30 

.A..nalysis or Variance 

Source 

Model 
Error 
C Total 

DF 

3 
1 
4 

Sum of Mean 
Squares Square 

3.14286 1.04762 
0.05714 0.05714 
3.20000 

F Value 

18.333 

Prob>F 

0.1696 

Root MSE 
Dep Mean 
C. V. 

0.23905 
0.40000 

59.76143 

R-square 
Adj R-sq 

0.9821 
0.9286 

Para.Tieter Estimates 

Variable 

INTERCEP 
HEROLINE 
HEROQUAD 
HEROCUBE 

Parametei 
DF Estimate 

1.9714 
-2.9762 
1.2857 

-0.1667 

Standard 
Error 

0.23733211 
0.60374868 
0.38332594 
0.06299408 

T for HO: 
Parameter=0 

8 . 307 
-4.930 
3. 354 

-2.646 

Prob > ITI 

0.0763 
0.1274 
0.1845 
0.2301 

Type I SS 

0 . 8 0 0 0 0 0  
1 . 6 0 0 0 0 0  
1. 142857 
0.400000 
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Table 26. EOS Output for Level 1 Model: Latent Growth Modeling 

COVARIANCE 
VARIABLES) 

MATRIX TO BE ANALYZED: 5 VARIABLES (SELECTED FROM 

B.^i.SED CM 274 CASES. 

HEROINl HER0IN2 HERO IN3 HEROIN4 
V 1 V 2 V 3 V 4 

HEROIN T1 V 1 121.720 
HEROIN T2 V 2 17.800 96.325 
HEROIN T3 V 3 -1.932 30.217 122 . 143 
HEROIN T4 V 4 -7.309 26.968 55 . 013 150.584 
HEROIN T5 V 5 9. 457 21.392 36 .761 65.090 

HEROINS 
V 5 

129.532 

VARIANCES OF INDEPENDENT VARIABLES 

V 

F1 -INTERCEP 57.824-
16.752 
3.452 

F2 -LINEAR 78.314* 
17 . 38 9 
4 . 504 

F3 QU-^DRATIC 3. 546" 
. S 4 S 

4 .298 

VARI.^.NCES OF INDEPENDENT VARIABLES 

E D 

El HE.ROIN T1 64.135*1 I 
16.919 I I 
3.791 I I 

I I 
E2 HEROIN T2 69.808*1 I 

7.458 I I 
9.360 I I 

I I 
E3 HEROIN T3 72.196*1 I 

8.768 I I 
8.234 I I 

I I 
E4 HEROIN T4 84.107*1 I 

9.388 I I 
8.959 I I 
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I I 
HEROIN T5 33.211*1 I 

16.675 I I 

1.992 I I 
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Table 27. SAS Output for Level 1 Model: Hierarchical Linear Modeling 

V Matrix for ID 5 

Row COLl CCL2 COL3 C0L4 C0L5 
1 19. . 65580822 17 .70172417 0 . 05082970 -3. 72261922 10. ,41950979 
2 17 , .70172417 102 .88509963 33 .07195078 30. 93566973 21. . 29414302 
3 0. , 05082970 33 .07195078 131 .16301192 64 . 14042744 48 . . 60386999 
4 -3, . 72261922 30 .93566973 64 .14042744 156. 17250433 69. .45724526 
5 10. .41950979 21 .29414302 48 .60386999 69. 45724526 135. , 42669974 

Covariance Parameter Estimates (REML) 

Gov Farm Subject Estimate Std Error Z ?r > |Z| 

UN(1,1) ID 45. 19193183 9. 76455422 4 . 63 0. 0001 
UN(2,1) ID -31. 06382013 15. 92190076 - ]_ _ 95 0. 0511 
UN(2,2) ID 54 . 53172515 30. 96003201 1. 76 0. 0782 
UN(3,1) ID 2 . 90059041 8 . 69593945 0. 33 0. 7387 
UN(3,2) ID -9. 27048347 13. 24149548 -0. 70 0. 4839 
UN(3,3) ID 3. 80440499 4 . 46737533 0. 85 0. 3944 
UN(4,1) ID 0. 67302206 1. 37527876 0. 49 0. 6246 
UN(4,2) ID -0 . 68294907 1. 64 96964 8 -0. 41 0. 6789 
UN(4,3) ID -0. 10977917 0. 36781011 -0. 30 0. 7653 
UN(4,4) ID -0. 00000000 . . . 
Residual 74 . 46387639 4 . 24429087 17 . 54 0 . 0001 

Model Fitting Information for HERON30 

Description Value 

Observations 1614.000 
Res Log Likelihood -6101.78 
Akaike's Information Criterion -6112.78 
Schwarz's Bayesian Criterion -6142.39 
-2 Res Log Likelihood 12203.56 
Null Model LRT Chi-Square 208.8328 
Null Model LRT DF 10.0000 
Null Model LRT P-Value O.OOCO 
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Figure I. Third Order Polynomial Growth Curve 
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Figure 2. LGM Conditional Growth Model for Heroin Use 
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Figure 3. Individual Growth Curves for Heroin Use with Varying Levels of Fit 
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Figure 4. Unconditional Growth Model for Heroin Use, LGM Metliod 
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Figure 5. Conditional Growth Model for Rate of Delinquency, LGM Method 
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Figure 6. Average Heroin Use Trajectories for IRA, LGM, HLM and RMA Methods 
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