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Background: Many alcohol research questions require methods that take a person-centered approach
because the interest is in finding heterogeneous groups of individuals, such as those who are susceptible to
alcohol dependence and those who are not. A person-centered focus also is useful with longitudinal data to
represent heterogeneity in developmental trajectories. In alcohol, drug, and mental health research the
recognition of heterogeneity has led to theories of multiple developmental pathways.

Methods: This paper gives a brief overview of new methods that integrate variable- and person-centered
analyses. Methods discussed include latent class analysis, latent transition analysis, latent class growth
analysis, growth mixture modeling, and general growth mixture modeling. These methods are presented in
a general latent variable modeling framework that expands traditional latent variable modeling by including
not only continuous latent variables but also categorical latent variables.

Results: Four examples that use the National Longitudinal Survey of Youth (NLSY) data are presented
to illustrate latent class analysis, latent class growth analysis, growth mixture modeling, and general growth
mixture modeling. Latent class analysis of antisocial behavior found four classes. Four heavy drinking
trajectory classes were found. The relationship between the latent classes and background variables and
consequences was studied.

Conclusions: Person-centered and variable-centered analyses typically have been seen as different
activities that use different types of models and software. This paper gives a brief overview of new methods
that integrate variable- and person-centered analyses. The general framework makes it possible to combine
these models and to study new models serving as a stimulus for asking research questions that have both
person- and variable-centered aspects.

Key Words: Latent Variables, Mixtures, Latent Trajectory Classes, Unobserved Heterogeneity, Devel-
opmental Pathways.

COMMONLY USED STATISTICAL methods such as
regression analysis, factor analysis, and structural

equation modeling take a variable-centered approach to
data analysis. In these methods, the focus is on relation-
ships among variables. The goal is to predict outcomes,
study how constructs influence their indicators, and relate
independent and dependent variables in structural equa-

tions. Many alcohol research questions, however, require
methods that also take a person-centered approach. Exam-
ples of such methods include cluster analysis, finite mixture
analysis, latent class analysis, and latent transition analysis.
In these methods, the focus is on relationships among
individuals. The goal is to group individuals into categories,
each one of which contains individuals who are similar to
each other and different from individuals in other catego-
ries.

A person-centered focus is useful in alcohol research,
where data often include heterogeneous groups of individ-
uals such as those who are susceptible to alcohol depen-
dence and those who are not. A person-centered focus also
is useful with longitudinal data to represent heterogeneity
in developmental trajectories. In alcohol, drug, and mental
health research the recognition of heterogeneity has led to
theories of multiple developmental pathways. For example,
Schulenberg et al. (1996) studied binge drinking patterns
for young adults in the Monitoring the Future Study by
following high-school seniors after graduation during four
waves of observations through age 26. Converging or di-
verging trajectories that end up or start at the same level
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but have different starting or end points were related to
individual background characteristics. Multiple pathways
also were discussed in terms of subtypes of alcoholism
(Zucker, 1994), stages of progression in drug involvement
from adolescence to adulthood (Kandel et al., 1992),
adolescent-limited versus life-course-persistent antisocial
behavior (Moffitt, 1993), and normal versus pathogenic
prostate-specific antigen development (Pearson et al.,
1994). Seminal work on the methodolgy of developmental
pathways has been carried out by Nagin (Nagin and Land,
1993; Nagin, 1999) using applications in criminology.

This paper gives a brief overview of new methods that
integrate variable- and person-centered analyses. Methods
to be discussed include latent class analysis, latent transi-
tion analysis, latent class growth analysis, growth mixture
modeling, and general growth mixture modeling. These
methods are presented in a general latent variable model-
ing framework that expands traditional latent variable
modeling by including not only continuous latent variables
but also categorical latent variables. Categorical latent vari-
ables correspond to the person-centered component in that
the categories describe groups of individuals who are ho-
mogeneous within a given category and are heterogeneous
across categories. This type of modeling can be carried out
using new methodology that is part of the Mplus program
(Muthén and Muthén, 1998). Four examples relevant to
alcohol research are presented using data from the Na-
tional Longitudinal Survey of Youth (NLSY). The NLSY is
an annual national survey of young people in the United
States and includes alcohol-related measures collected over
ages 18–37.

OVERVIEW OF METHODS

Alcohol data often come from a heterogeneous popula-
tion. Often population heterogeneity is observed and can
be represented by variables in a model. Even when popu-
lation heterogeneity is not observed, however, it can be
taken into account by using latent classes. Methods that
take unobserved heterogeneity into account often are re-
ferred to as person-centered. A categorical latent variable
can be used to represent the latent classes. The general idea
is that each latent class corresponds to a subpopulation that
has its own set of parameter values. This approach to
heterogeneity can be used in conjunction with the estima-
tion of any model from a univariate mean to a complex
growth model. A set of increasingly more complex methods
that address the problem of unobserved population heter-
ogeneity is discussed.

Latent Class Analysis

Latent class analysis (LCA) describes how the probabil-
ities of a set of observed categorical variables or indicators
vary across groups of individuals where group membership
is not observed. For example, the observed categorical
variables may correspond to a set of dichotomous diagnos-

tic criteria or symptom items, and the latent classes may
describe the presence or absence of an alcohol use disorder
such as alcohol dependence. LCA refers to the unobserved
groups of individuals as latent classes. The object of LCA is
to find the smallest number of latent classes that can de-
scribe the associations among a set of observed categorical
variables. The analysis adds classes stepwise until the model
fits the data well. The parameters of the model are the
probabilities of being in each class and the probabilities of
fulfilling each criterion given class membership. In addi-
tion, the latent class model provides estimates of class
probabilities for each individual. These values are called
posterior probabilities. LCA may relate the probability of
class membership to a set of background variables.

Several applications of LCA can be found in the alcohol
and mental health literature. For example, Bucholz et al.
(1996) attempted to identify distinctive subtypes of alco-
holics. They applied latent class analysis to a set of lifetime
symptoms of alcohol dependence using data from the Col-
laborative Study of the Genetics of Alcoholism and related
the four-class solution to a set of background variables.
Nestadt et al. (1994) studied diagnostic criteria for schizo-
phrenia. Latent class analysis has been proposed for use in
medical diagnosis by Rindskopf and Rindskopf (1986),
Uebersax and Grove (1990), and Clogg (1995), among
others. The papers by Jackson, Sher, and Wood and by
Bucholz in this issue provide examples of LCA in the areas
of alcohol and tobacco use. For an overview of LCA meth-
ods and applications, see Clogg (1995).

LCA can be compared to factor analysis. The primary
objective of LCA is to find groups of individuals who are
similar using a categorical latent variable. The primary
objective of factor analysis is to find the smallest number of
factors or dimensions that can explain the relationships
among a set of observed variables using continuous latent
variables. The choice of factor analysis or LCA is a matter
of which model is most useful in practice. It cannot be
determined statistically, because data that have been gen-
erated by an m-dimensional factor analysis model can be fit
perfectly by a latent class model with m11 classes (see
Bartholomew, 1987, pp. 36–38). The categorical conceptu-
alization is particularly suitable when diagnosis is the pri-
mary focus and diagnostic criteria or symptom items are
analyzed. In LCA the choice of cutpoints on underlying
dimensions is avoided, and the classification is provided
directly by the model.

Latent Transition Analysis

LCA studies class membership in cross-sectional data,
whereas latent transition analysis (LTA) studies change in
class membership using longitudinal data. LTA uses mul-
tiple indicators at each time point to define a latent class
variable for each time point. The main objective of the
analysis is to study the probability of a transition from a
class at one time point to a class at the next time point.
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LTA has been proposed for public health research by
Graham et al. (1991), Collins and Wugalter (1992),
Bandeen-Roche et al. (1997), and Reboussin et al. (1998).
Graham et al. (1991) used LTA to study adolescent sub-
stance use onset, contrasting models with starting classes
defined by alcohol only versus alcohol and tobacco, and

evaluating the effects of a prevention program in grades
seven and eight. Reboussin et al. (1998) studied transitions
between health-risk states related to weapons-carrying be-
havior in a school sample measured annually for 5 years.
Bandeen-Roche et al. (1997) studied physical disability
classes related to age and arthritis. The paper by Bucholz in
this issue provides an example of LTA in the area of
alcohol use. An overview of LTA is given in Collins et al.
(1997).

Latent Class Growth Analysis

Latent class growth analysis (LCGA) uses a single out-
come variable measured at multiple time points to define a
latent class model in which the latent classes correspond to
different growth curve shapes for the outcome variable. For
example, in a two-class model, one class may have linear
growth on the outcome variable and the other may have
quadratic growth. The object of the analysis is to estimate
the different growth curve shapes and the class probabili-
ties. In addition, posterior probabilities of class member-
ship for all individuals can be computed. The model may
include background variables influencing the class proba-
bilities.

Nagin and Land (1993), Nagin and Tremblay (1999),
Jones et al. (1998), and Nagin (1999) used LCGA to study
the developmental classes of adolescent-limited and
chronic criminal involvement in a sample of males from
ages 8 to 32 years. The article by Hill, White, Chung, and
Hawkins in this issue provides an example of LCGA in the
area of binge drinking, and Nagin (1999) gives an overview
with applications.

Growth Mixture Modeling

Growth mixture modeling (GMM) is based on conven-
tional growth modeling. Conventional growth modeling is

Fig. 1. General modeling framework.

Table 1. LCA and EFA for Antisocial Behavior (n 5 7326)

LCA Solution: Categorical Factors EFA Solution: Continuous Factors

Class 1 Class 2 Class 3 Class 4 Factor 1 Factor 2 Factor 3

Property 0.78 0.18 0.28 0.02 0.65 0.19 20.04
Fighting 0.74 0.20 0.53 0.09 0.19 0.60 20.13
Shoplifting 0.82 0.42 0.31 0.07 0.61 20.03 0.18
Stole ,$50 0.70 0.27 0.21 0.05 0.85 20.21 0.05
Stole . $50 0.37 0.03 0.03 0.00 0.81 0.00 0.01
Use of force 0.26 0.02 0.08 0.01 0.34 0.37 20.01
Seriously threatening 0.82 0.38 0.68 0.10 20.11 0.89 0.03
Intent to injure 0.40 0.08 0.19 0.00 20.11 0.83 0.08
Use marijuana 0.90 0.96 0.36 0.22 20.02 0.00 0.88
Use other drugs 0.60 0.58 0.03 0.01 0.01 20.02 0.88
Sold marijuana 0.51 0.26 0.01 0.00 0.15 0.07 0.74
Sold hard drugs 0.14 0.04 0.00 0.00 0.19 0.09 0.59
“Con” someone 0.64 0.20 0.38 0.07 0.43 0.25 20.07
Take auto 0.36 0.08 0.11 0.01 0.45 0.15 0.07
Broke into building 0.43 0.03 0.04 0.00 0.80 0.03 0.01
Held stolen goods 0.67 0.10 0.12 0.00 0.69 0.11 0.06
Gambling operation 0.15 0.02 0.03 0.00 0.28 0.36 0.08
Class probability 0.09 0.18 0.25 0.47

EFA, exploratory factor analysis; LCA, latent class analysis. Bold numbers, see text for explanation.

884 MUTHÉN AND MUTHÉN



used to analyze longitudinal data by relating an observed
outcome variable to time or to a time-related variable such
as age. Individual variation in growth is captured by the fact
that coefficients in the growth model are random—that is,
they vary across individuals. In growth modeling in a struc-
tural equation modeling framework, the random coeffi-
cients are continuous latent variables or growth factors.
Growth modeling estimates the variation of the growth
factors and the influence of background variables on this
variation. For an introductory overview of latent variable
growth modeling and applications of this methodology see
Muthén and Khoo (1998).

GMM combines features of conventional growth model-
ing and LCGA. Conventional growth modeling estimates a
mean growth curve under the assumption that all individ-
uals in the sample come from a single population. Individ-
ual variation around the mean growth curve is captured by
the estimation of the growth factor variances. LCGA esti-
mates a mean growth curve for each class. No individual
variation around the mean growth curves is allowed. As a
result, the variation in the growth factors within each class
is assumed to be zero. GMM both estimates mean growth
curves for each class and captures individual variation
around these growth curves by the estimation of growth
factor variances for each class.

GMM draws on finite mixture models for growth (see
Verbeke and Lesaffre, 1996, and Muthén and Shedden,
1999). Muthén and Shedden (1999) studied normative and
non-normative development of heavy drinking using data
from the National Longitudinal Study of Youth. For an
overview of methods and applications, see Muthén (1998).

General Growth Mixture Modeling

GMM can be incorporated into a more general latent
variable framework that allows combinations of the models
previously discussed. This is referred to as general growth
mixture modeling (GGMM). It is the statistical framework
used in Mplus (Muthén and Muthén, 1998) that is summa-
rized in graphical form in Figure 1. Here, u represents
categorical indicators of a categorical latent variable c, y
represents continuous indicators of a continuous latent
variable h, and x represents background variables. Factor
analysis and conventional growth modeling can be handled
by the model part marked by the ellipse A. LCA, LTA, and
LCGA can be handled by the model part marked by the
ellipse B. GMM can be handled by the model part marked C.
And, combinations of such models can be handled in the most
general framework D. For an overview of methods and appli-
cations related to longitudinal analysis, see Muthén et al.
(1998), Muthén (1998), and Muthén and Muthén (1998).

METHODS

Subjects

The four examples in this paper use data from the National Longitu-
dinal Survey of Youth (Ohio State University, 1994). The NLSY was

initiated in 1979 and included a representative sample of 12,686 men and
women born between 1957 and 1964. The NLSY data were collected as a
multistage probability sample with an oversampling of black, Hispanic,
and economically disadvantaged nonblack and non-Hispanic youth and a
cross-sectional sample designed to represent the military population. The
NLSY is composed of eight birth-year cohorts. As of 1989, the overall
retention rate of the sample was 93%. The National Institute on Alcohol
Abuse and Alcoholism supported an alcohol supplement in 1982, 1983,
1984, 1985, 1988, 1989, and 1994. Example 1 looks at 7326 respondents.
These respondents are the original sample of 10,893, excluding the 1793
respondents in the military subsample that was dropped in 1985, who
provided complete information on the variables considered in Example 1.
Examples 2, 3, and 4 use the respondents from Example 1, who were born
in 1964 and have complete data for the variables used in each example.
Sample sizes for examples 2, 3, and 4 are 924, 922, and 1225, respectively.

Measures

Outcome Variables. Antisocial behavior, excluding the use of alcohol, is
measured by 17 items administered in 1980. These items assessed the
frequency of various behaviors, excluding alcohol use, during the past year
(Table 1). With the exception of the use of marijuana, there were few
responses for frequencies in excess of 2 or more times. As a result, the
items were dichotomized, to 1 or more times in the past year compared to
not at all in the past year. Heavy drinking is measured by the question:
“How often have you had 6 or more drinks on one occasion during the last
30 days?” The responses are recorded as: never (0); once (1); 2 or 3 times
(2); 4 or 5 times (3); 6 or 7 times (4); 8 or 9 times (5); and 10 or more times
(6). Data on this variable are used for 1982, 1983, 1984, 1988, 1989, and
1994, whereas survey year 1985 is excluded because a question format

Fig. 2. Antisocial behavior classes related to age, gender, and ethnicity (n 5
7326).
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change was made that year that may have made across-time comparisons
invalid (Harford, 1994). Alcohol dependence is a dichotomous variable
based on 22 symptom items measured in 1989 and 1994. The symptom
items are designed to approximate the DSM-IV diagnoses of alcohol
dependence and abuse. Each symptom item is scored 1 if the event
occurred at least once in the last year and 0 otherwise. A factor analysis of
these items found two factors. The 17 items that measured the most severe
factor were summed and then dichotomized, with 1 representing a sum
score of 2 or more and 0 representing a sum score of less than 2. This
dichotomous variable is referred to as alcohol dependence.

Background Variables. Background variables are gender, ethnicity, fam-
ily history of alcohol problems, early onset of drinking, age, high school
dropout status, and college education. Gender (Male) is represented by a
0/1 dummy variable, with 1 representing male. Ethnicity (Black, Hisp) is
captured by two 0/1 dummy variables, one for black and one for Hispanic,
with 1 representing minority status. Family history of alcoholism (FHA) is
measured by the 1988 question: “Have any of your relatives listed on this
card been alcoholics or problem drinkers at any time in their lives?” Three
dummy variables are considered for FHA: first-degree relatives (FH1)
only; second- or third-degree relatives (FH23) only; first- or second- and
third-degree relatives (FH123). Early onset of drinking (ES) is measured
by the 1982 question: “How old were you when you first started drinking?”
Early onset is scored as a dummy variable, with early onset defined as
starting to drink at age 14 or younger. Dropping out of high school
(HSDRP) is measured as a dummy variable defined as not having com-
pleted high school by age 22. College education (Coll) is measured as
having some college education by age 22 and is scored as a 0/1 dummy
variable, with 1 representing some college education by age 22.

EXAMPLES

Four examples that use the NLSY data to illustrate LCA, LCGA,
GMM, and GGMM are presented in this section. These examples are
presented as methodological illustrations and should not be used for
substantive inferences. All analyses were carried out using the Mplus
program (Muthén and Muthén, 1998). Mplus input specifications and data
for these examples are available at the Mplus web site, http://www.stat-
model.com/.

Example 1: LCA and EFA of Antisocial Behavior
In the first example, latent class analysis (LCA) and exploratory factor

analysis (EFA) are used to examine 17 dichotomous antisocial behavior
items from the NLSY. The person-centered results of LCA are compared
to the variable-centered results of EFA. In addition, the probabilities of
latent class membership from the LCA are related to the background
variables of age, gender, and ethnicity in an LCA with covariates.

Table 1 contains results from an LCA and EFA of the 17 dichotomous
antisocial behavior items from the NLSY. In the LCA, the entries are the
probabilities of individuals in a class endorsing an item. In the LCA, Class
4 is the most prevalent class (47%). Individuals in Class 4 do not endorse
any item with a high probability. The highest probability is for using
marijuana, with a value of 0.22. Class 4 can be considered to be the
normative class. Class 3 (25%), in contrast to Class 4, endorses the items
of fighting, threatening, and conning with much higher probabilities of
0.53, 0.68, and 0.38, respectively. This class can be considered a person
offense class. Although individuals in Class 3 endorse smoking marijuana,
with a probability of 0.36, this is not considerably different from Class 4.
Class 2 (18%), in contrast to Classes 3 and 4, strongly endorses the items
of using marijuana and using drugs. This class can be considered a
substance involvement class. Class 1 (9%), in contrast to Classes 2, 3, and
4, endorses the items of damaging property, shoplifting, stealing less than
$50, stealing more than $50, entering a building, and stealing goods. This
class can be considered a property offense class. Probabilities are bolded
in the table for items that differentiate the classes.

The four LCA classes are not ordered—that is, the probabilities of all
items do not decrease from Class 1 to Class 4. For example, fighting and

seriously threatening have lower probabilities for Class 2 than for Class 3.
This suggests that there is not a single dimension of antisocial behavior
with the four classes representing decreasing levels of severity on this
dimension; instead, the classes represent different kinds of antisocial
behavior, corresponding to different class profiles of high and low item
probabilities.

In the EFA, the entries are factor loadings that show how strongly each
factor influences each item. Because the items are dichotomous, the factor
loadings are coefficients from probit regressions of the items on the
factors. The bolded factor loadings represent the values that are consid-
erably higher on one factor than on any other factor. In the EFA, the first
factor relates to property offense, the second factor relates to person
offense, and the third factor relates to substance use. A further discussion
of the factor analysis of these items is offered in Harford and Muthén
(1999).

Three EFA factors and four LCA classes were found to best fit the
data. The choice of which method to use depends on the research question
being asked. LCA groups individuals and provides information on class
profiles. EFA groups items and provides information on which dimensions
they measure. Consequently, the pattern of high/low EFA loadings and
high/low LCA probabilities is not always the same.

Although the focuses of LCA and EFA differ, there is a relationship
between the EFA dimensions and the LCA classes. Individuals in Class 1
are likely to score high on factors 1, 2, and 3, because they endorse many
of the items in these factors with a high probability. Individuals in Class 2
are likely to rank high on factor 3, because they endorse many of the factor
3 items with a high probability. They are likely to be lower on the other
factors, because they do not endorse the items in these factors with a high
probability. Individuals in Class 3 are likely to be high on factor 2, because
they endorse many of the factor 2 items with a high probability. They are
likely to be lower on the other factors. Individuals in Class 4 are likely to
be low on all factors, because their endorsement of all items is low. The
patterns of loadings in EFA and probabilities in LCA are not always the
same. For example, the second EFA factor is defined by fighting, serious
threatening, and intent to injure. Although fighting and seriously threat-
ening also characterize the LCA Class 3, intent to injure has a relatively
low probability in Class 3. The probability may be low because individuals
who have high probabilities for intent to injure are in Class 1.

Fig. 3. Model fit evaluated by BIC.
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Figure 2 shows the relationships between the probability of member-
ship in each of the four antisocial behavior classes and the background
variables of age, gender, and ethnicity. These results are based on LCA
with covariates. The probabilities are expressed in terms of multinomial
logit regression coefficients (see Agresti, 1990, p. 313). It is seen that Class
3 behavior (person offense) is most prevalent for younger individuals,
except for white females. The age at which Class 4 behavior (normative)
becomes more prevalent varies greatly across the four groups defined by
gender and ethnicity. Also, whereas Class 1 behavior (property offense)
declines with age for all four groups, Class 2 behavior (substance involve-
ment) increases with age for all four groups, although it is lower overall for
black males and black females.

Example 2: LCGA and GMM of Heavy Drinking
In the second example, latent class growth analysis (LCGA) and growth

mixture modeling (GMM) are used to analyze the variable of heavy
drinking for the NLSY cohort born in 1964, measured across ages 18–30.
The goal is to find different trajectory classes corresponding to individuals
following normative and non-normative developmental pathways. LCGA
is useful as a first step in determining major types of trajectories, because
LCGA is a special case of GMM where the growth factor variances within
each class are 0. The GMM analyses build on previous growth studies of
these data carried out in Muthén and Muthén (2000) and Muthén and
Shedden (1999).

In this example, three different considerations are used to decide on
the number of latent classes. The first is the Bayesian information crite-
rion (BIC) statistic that balances two components, maximizing the likeli-
hood and keeping the model parsimonious. A low BIC value indicates a
well-fitting model. The second is the classification quality that can be
determined by examining the posterior probabilities. The average poste-
rior probability for each class for individuals whose highest probability is
for that class should be considerably higher than the average posterior
probabilities for the other classes for those individuals. The third consid-
eration is the usefulness of the latent classes in practice. This can be
determined by examining the trajectory shapes for similarity, the number
of individuals in each class, the number of estimated parameters, and the
differences in predictions of consequences.

Figure 3 gives the LCGA BIC values for one through ten classes and
the GMM BIC values for one through nine classes (a tenth class could not
be found). BIC is a measure that considers both the likelihood value of a

model and the number of parameters estimated. A good model, according
to BIC, has a high likelihood value without using many parameters. This
combination results in a low BIC value.

Fig. 4. Estimated heavy drinking curves
for the LCGA nine-class solution.

Fig. 5. Estimated heavy drinking curves for the GMM four-class solution (n 5
64). Classes 1 and 2 represent early heavy drinking that decreases over time,
Class 3 represents increasing heavy drinking, and Class 4 represents the norma-
tive class with heavy drinking escalating in the early 20s and later declining.
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The LCGA Class 1 solution represents a null model where the covari-
ances among the observed variables are 0. The GMM Class 1 solution is
a conventional growth model. The BIC curves in Figure 3 show that both
LCGA and GMM with two or more classes fit the data better than the null
model or conventional growth model. In this example, the best fitting
model based on BIC is not obtained until a high number of classes is
included, eight for GMM and nine for LCGA. The overall best model as
judged by BIC is the nine-class LCGA.

Figure 4 shows the estimated heavy drinking curves for the LCGA
nine-class solution and the percentages of individuals in the nine classes.

There appear to be four major types of curves represented by the nine
classes. Class 5 represents normative growth. Classes 1, 3, and 8 represent
similar classes where heavy drinking has a considerably higher peak
around age 21. However, for Class 3 there is not a substantial decrease
after age 21. Classes 2, 6, and 7 represent similar classes where heavy
drinking already was high at age 18 but declines thereafter. Class 4
represents a class with increasing heavy drinking throughout the age
range. Class 9 appears to be an intermediate class between the normative
Class 5 and Classes 1, 3, and 8. The eight-class GMM solution also shows
these four major types of curves.

Because four major types of curves with some variation are seen, the
four-class GMM solution is studied (see Fig. 4). Figure 5 shows the
estimated heavy drinking curves for the GMM four-class solution and the
percentages of individuals in the four classes. Class 4 represents the
normative class with heavy drinking escalating in the early 20s and later
declining. Classes 1 and 2 represent early heavy drinking that decreases
over time. Class 3 represents increasing heavy drinking.

Table 2 contains information about classification quality for the nine-
class LCGA and the four-class GMM solutions. All non-zero entries are
bolded. Each row contains information for individuals who were most
likely to be in the class represented by that row. For example, row 5
contains information about individuals whose posterior probability for
Class 5 was higher than their posterior probabilities for the other eight
classes. The averages of their posterior probabilities for being in each class

Fig. 6. Heavy drinking related to antecedents and consequences (general
growth mixture modeling [GGMM]).

Table 3. Alcohol Dependence as a Function of Heavy Drinking Class (n 5 922)

Class Probability Odds Ratio

Nine-Class Solution

1 0.28 11.61
2 0.24 9.58
3 0.57 40.82
4 0.64 53.39
5 0.03 1.00
6 0.09 2.97
7 0.21 8.00
8 0.22 8.39
9 0.18 6.82

Four-Class Solution

1 0.16 3.92
2 0.26 7.06
3 0.60 30.00
4 0.05 1.00

Table 2. Average Posterior Probabilities for Four- and Nine-Class HD Solutions (n 5 924)

Class

Nine-Class HD Solutions

n1 2 3 4 5 6 7 8 9

1 0.93 0.00 0.00 0.00 0.00 0.07 0.00 0.00 0.00 45
2 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 25
3 0.00 0.00 0.99 0.00 0.00 0.00 0.00 0.00 0.01 10
4 0.00 0.00 0.00 0.95 0.02 0.00 0.00 0.02 0.00 26
5 0.00 0.00 0.00 0.01 0.99 0.00 0.00 0.01 0.00 577
6 0.05 0.00 0.00 0.00 0.00 0.95 0.00 0.00 0.00 44
7 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.00 0.00 67
8 0.00 0.00 0.00 0.06 0.07 0.00 0.00 0.87 0.00 67
9 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.99 63

Class

Four-Class HD Solutions

n1 2 3 4

1 1.00 0.00 0.00 0.00 135
2 0.00 1.00 0.00 0.00 46
3 0.00 0.00 0.95 0.05 60
4 0.00 0.00 0.01 0.99 683

HD, heavy drinking. Non-zero entries are bolded. Each row contains information for individuals who were most likely to be in the class represented by that row. See
text for further information.
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are shown in row 5. Good classification quality is obtained when diagonal
elements are high and off-diagonal elements are low. Classification quality
is high for both solutions, but somewhat better for the four-class solution.

The third consideration for determining the number of latent classes is
the usefulness of the latent classes in practice. This can be determined by
examining the trajectory shapes for similarity, the number of individuals in
each class, the number of estimated parameters, and the differences in
predictions of consequences based on different numbers of classes. The
first three classes are discussed here, and the fourth is discussed in
Example 3.

As previously discussed, the heavy drinking curves for the nine-class
LCGA solution shown in Figure 4 are represented by four major curve

types, indicating that the LCGA solution may use more classes than
necessary to describe the data. The four LCGA curve types are similar to
the four estimated heavy drinking curves for the four-class GMM solution
shown in Figure 5. The four-class GMM solution apparently incorporates
the nine classes of the LCGA by allowing for within-class variation. The
numbers of individuals in each class are shown in Table 2. The nine-class
LCGA solution has five classes with class size less than 50. Only one GMM
class has class size less than 50. It is doubtful that classes with so few
individuals allow a trustworthy generalization. The number of estimated
parameters for the LCGA solution is 41; the number of estimated param-
eters for the GMM solution is 27. The smaller number of parameters in
the GMM makes it more likely that this model will cross-validate well in
a new sample.

Example 3: GGMM of Heavy Drinking
In the third example, the nine LCGA heavy drinking classes and the

four GMM heavy drinking classes from Example 2 are related to alcohol
dependence at age 30. This analysis also is the final step in determining the
optimal number of latent classes for heavy drinking. In addition, the four
GMM heavy drinking curve classes are related to the background vari-
ables of gender, ethnicity, early onset of drinking, family history of alcohol
problems, high school dropout, and attending college.

Figure 6 depicts general growth mixture modeling (GGMM) for de-
velopment of heavy drinking. It shows how the model for heavy drinking
development is incorporated into a larger model, relating heavy drinking
to the antecedents of gender, ethnicity, family history of alcohol problems,
early onset of drinking, high school dropout status, and college education
and the consequence of alcohol dependence.

Table 3 shows the relationship between heavy drinking trajectory class
membership and alcohol dependence at age 30 for the nine- and four-class
solutions. Probabilities of alcohol dependence and the odds ratios of
alcohol dependence relative to the normative class are shown.

For the nine-class solution, Class 5, the normative class, has a proba-
bility of 0.03 of being alcohol dependent at age 30. The normative class for
the four-class solution is Class 4, with a probability of 0.05 of being
alcohol-dependent at age 30. Classes 3 and 4 from the nine-class solution
are the two classes with escalating heavy drinking over time and the
highest heavy drinking at age 30. They have probabilities of 0.57 and 0.64,
respectively, of being alcohol-dependent at age 30. Class 3 of the four-class
solution has a probability of 0.60 of being alcohol-dependent at age 30.
The other six classes from the nine-class solution have probabilities rang-
ing from 0.09 to 0.28 of being alcohol-dependent at age 30. The other two
classes from the four-class solution have probabilities of 0.16 and 0.26 of
being alcohol-dependent at age 30. Based on the prediction of alcohol
dependence, the four-class solution seems to give sufficient discrimination
between the classes.

Considering the information presented in Example 2 and the results
presented in the preceding paragraphs, it appears that the four-class
solution is most useful in practice. Although, the BIC value was better for

Fig. 7. Heavy drinking classes related to antisocial behavior classes. To the
left is the four-class LCA model for 9 of the 17 antisocial items and to the right is
the four-class heavy drinking GMM.

Table 4. Heavy Drinking Related to Covariates (n 5 922)

Heavy Drinking Classes

1 (Down) 2 (High 18) 3 (Up)

Estimated t Estimated t Estimated t

Male 1.21 5.52 1.25 3.48 1.45 4.73
Black 20.89 23.43 23.14 22.86 20.06 20.17
Hispanic 20.65 22.22 20.35 20.86 20.01 20.03
ES 1.24 4.79 2.05 5.72 0.71 1.78
FH1 0.03 0.09 20.21 20.41 20.08 20.16
FH23 0.04 0.15 0.25 0.56 0.08 0.23
FH123 20.23 20.58 1.18 2.59 1.00 2.60
HSDRP 0.57 1.98 0.32 0.76 0.91 2.93
College 20.07 20.31 21.31 22.85 21.08 22.59

ES, early onset of drinking; FH1, first-degree relative; FH23, second- or third-degree relatives only; FH123, first- or second- and third-degree relatives; HSDRP, high
school dropout. Bold numbers, see text for explanation. t, ratio of estimate to standard error.
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the nine-class solution, the nine-class solution does not appear to have
nine distinct curve shapes. Four curve shapes similar to the four-class
solution appeared to describe the data. In addition, many classifications
were slightly worse in the nine-class solution, and there were several small
class sizes. Because the four-class solution is more parsimonious and
predicts dependence adequately, it seems the better choice. It may be that
three classes are sufficient, given that Class 1 and Class 2 of the four-class
solution have similar probabilities for dependence.

Table 4 shows how membership in the four trajectory classes relates to
the background variables. The results are multinomial logistic regression
coefficients (see Agresti, 1990, p. 313). Class 4 represents the normative
class, with heavy drinking escalating in the early 20s and later declining.
The values for Class 4 are standardized to 0, which means that the Table
4 coefficients are log odds of being in a given class relative to Class 4. Class
1 (Down) represents a class with heavy drinking that decreases over time.
Class 2 (High18) represents a class with very high heavy drinking that
decreases over time. Class 3 (Up) represent a class with increasing heavy
drinking over time. Bolded entries are statistically significant at the 0.05
level.

Table 4 shows that Class 1 membership is influenced by being male,
nonminority, and having early onset of drinking. Class 2 membership is
influenced by being male, nonblack, having early onset of drinking, having
a positive family history of alcohol problems, and not attending college.
Class 3 membership is influenced by being male, having a positive family
history of alcohol problems, being a high school dropout, and not attend-
ing college.

Example 4: GGMM Relating Heavy Drinking Class to
Antisocial Class

In the fourth example, the four latent classes for antisocial behavior at
age 16 are related to the four trajectory classes for heavy drinking at ages
18–30. This is an example of a GGMM.

Figure 7 shows the combination of two model parts. The NLSY data for
this illustration are from birth cohort 1964 so that the antisocial behavior
items are measured at age 16 and the heavy drinking measures are from
ages 18 to 30. As shown in Figure 7, this GGMM is a generalized form of
LTA. As in LTA, a latent class variable at two different time points is
considered. It is of interest to study the conditional probabilities (transi-
tion probabilities) of heavy drinking class membership as a function of
antisocial behavior class membership. As opposed to LTA, two different
kinds of latent class variables are considered and the multiple indicators
for heavy drinking represent repeated measures.

Table 5 contains the estimated marginal and conditional probabilities
for the antisocial behavior and heavy drinking classes. The marginal
probabilities for the antisocial classes are somewhat different than from
the analysis in Example 1, because only the youngest cohort and 9 anti-
social behavior items were used. The conditional probabilities show the
relationship between antisocial behavior and heavy drinking class mem-
bership. Individuals in ASB Class 4, the normative antisocial behavior
class, and ASB Class 3, person offense, have high odds of being in heavy
drinking (HD) Class 4, the normative heavy drinking class, relative to the

other HD classes. Individuals in ASB Class 2 (substance involvement) and
individuals in ASB Class 1 (property offense) have much lower odds of
being in HD Class 4. Individuals in these classes have a nontrivial prob-
ability of being in HD Class 1. ASB class membership does not seem to
explain HD Class 3.

DISCUSSION

Person-centered and variable-centered analyses typically
have been seen as different activities that use different
types of models and software. This paper gives a brief
overview of new methods that integrate variable- and
person-centered analyses. These methods include latent
class analysis (LCA), latent transition analysis (LTA), la-
tent class growth analysis (LCGA), growth mixture model-
ing (GMM), and general growth mixture modeling
(GGMM). LCA describes how the probabilities of a set of
observed categorical variables vary across groups of indi-
viduals where group membership is unobserved. The goal
of LCA is the find the smallest number of latent classes that
describe the association among a set of observed categor-
ical variables. LCA studies class membership in cross-
sectional data. In contrast, LTA uses multiple indicators at
each time point to define a latent class variable for each
time point. The main objective of the analysis is to study the
probability of a transition from a class at one time point to
a class at the next time point. LCGA uses a single outcome
variable at multiple time points to define a latent class
model where the latent classes correspond to different
growth curve shapes for the outcome variable. GMM com-
bines features of conventional growth modeling with
LCGA. GMM both estimates a mean growth curve for each
class and captures individual variation around these growth
curves by the estimation of growth factor variances for each
class. GGMM takes GMM further by incorporating the
GMM model into a more complex model with, for example,
a distal outcome predicted by class membership.

These methods are presented in a general latent variable
modeling framework that expands traditional latent vari-
able modeling by including not only continuous latent vari-
ables but also categorical latent variables. The examples
presented in the paper can be seen as special cases of this
general framework. The general framework makes it pos-
sible to combine these models and to study new models

Table 5. Antisocial Behavior and Heavy Drinking (n 5 1225)

ASB Class*
ASB Class
Probability

Conditional Probabilities Given ASB Class

HD Class†

1 2 3 4

1 0.15 0.38 0.15 0.09 0.38
2 0.14 0.24 0.14 0.05 0.57
3 0.40 0.13 0.04 0.09 0.75
4 0.32 0.05 0.01 0.03 0.93
HD Probability 0.16 0.06 0.06 0.73

* ASB classes (based on 9 selected items): 1 5 Property offense; 2 5 substance involvement; 3 5 person offense; 4 5 Normative.
† HD classes (based on ages 18–30): 1 5 Down; 2 5 High 18; 3 5 Up; 4 5 Normative.
ASB, antisocial behavior; HD, heavy drinking.

890 MUTHÉN AND MUTHÉN



serving as a stimulus for asking research questions that
have both person- and variable-centered aspects.
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