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Abstract

Understanding the long-term course of problematic drinking is a fundamental concern for health services research in the alcohol field. The
stability of, or change in, the course of drinking—especially heavy drinking—has both theoretical and applied relevance to alcohol research.
We explore the application of latent class growth modeling to 5 years of survey data collected from dependent and problem drinkers—some not
in treatment at baseline—in an attempt to uncover prototypical longitudinal drinking patterns. Results indicated that five profiles of drinkers
can be used to represent their longitudinal course of alcohol consumption: early qwitters8g), light/non-drinkers ¥ = 76), gradual
improvers (Vv = 129), moderate drinkersV(= 229), and heavy drinkers\(= 572). Significant baseline factors included ASI drug severity,
dependence symptoms, and marital status. Attendance at AA meetings, the size of one’s heavy drinking and drug using social network, pas
treatment, receiving suggestions about one’s drinking, and contacts with the medical system were significant influences. The size of heavy
drinking and drug using social networks was noticeably larger for the heavy drinkers. Findings also support the usefulness of a semi-parametric
latent group-based approach as a tool for analyzing alcohol-related behaviors.
© 2004 Published by Elsevier Ireland Ltd.

Keywords:Alcohol; Trajectories; Growth models; Risk factors; Longitudinal; Latent class growth models

1. Introduction summary of the development of subtypes in alcohol con4
sumption is provided byackson et al. (2000) 35
Understanding the long-term course of problematic drink-  To address this issue and other research questions appso-
ing is a fundamental concern for health services research inpriate for a longitudinal design, the scientist has availablesa
the alcohol field. The stability of, or change in, the course number of analytic options—many of only recent develoss
of drinking—especially heavy drinking—has both theoret- ment. Each method may be more appropriate for differest
ical and applied relevance to alcohol researhr( et al., research questions, some methods overlap with each other,
2002. Characterizing these courses can help us illuminate and many require a sophisticated approach. Overviews aaf
the underlying roles that a wide spectrum of factors play in some of the choices are given Byoolmiller (1995)Windle 42
the course of drinking—in getting better, staying the same, (1997) Muthén and Muthén (2000andCollins and Sayer 43
or progressing to more serious problems over time. A brief (2001) among others. In related work we employed a hiera#4
chal growth model to test the effects of various influences aea
the level of alcohol consumption over tim@/¢isner et al., 46
* Weights were created to account for differences in sampling fraction, 2003a; Matzger et al., in prgssThese influences included47
fieldwork duration across agencies and non-response differences. We didmembership in groups such as those defined by gender aad
not use them in this analysis although it is possible to include weights. ethnicity. In such models those groups can be known a p#i-
Preliminar_y runs suggested using them resulting in little differences on i gnd these models can be thought of as modeling the
thef%gprig?osﬁdmg author. Telg 1-415-476-4180; “average'” study participant. In the analysis reported here we
fax: +1-415-476-7677. focused instead on trying to uncover common or prototypz
E-mail addresskdelucc@itsa.ucsf.edu (K.L. Delucchi). ical groups which are defined by their common pattern of

0376-8716/$ — see front matter © 2004 Published by Elsevier Ireland Ltd.
doi:10.1016/j.drugalcdep.2003.12.014
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drinking over 5 years. We asked: are there common drink- 4
ing trajectories, what do they look like, and what appears to 35 4
influence them? o 3
The research reported here is part of an ongoing effort .5
designed to follow a large representative sample of treated S 2]
and untreated individuals with alcohol disorders drawn from = 15 4
the same community in an effort to understand alcohol con- g '1 7
sumption over time. Among its unique contributions is the 05 4
inclusion of a probability sample of untreated individuals .o

who met criteria for “problem drinking.” It also includes a
sample of people entering public and private chemical de-
pendency programs in the same county with good response Fig. 1. Examples of drinking trajectories across 5 years.
and follow-up rates.

Based on earlier work on this sample and the litera-
ture on long-term alcohol outcomes, we used a conceptualgrowth mixture modeling (GMM) byMuthén and Muthén 108
framework from longitudinal outcome research, including (2000) LCGM is a semi-parametric, group-based approach
that of treatment careers and the natural course of treatedvhich uses a multinomial modeling strategy to identify hato
populations Kser et al., 1997; Joe et al., 1990; Simpson, mogeneous clusters of individual trajectories and to test the
1990; Stoolmiller, 199bplus the medical utilization litera-  effects of covariates on those profiles. GMM is a multivatit2
ture (Aday et al., 1999; Andersen and Newman, 19%8e ate normal method for reaching the same goal. While care
examined 5-year trajectories of profiles of drinking within a  strained, currently, to the multivariate case, GMM allows one
framework ofindividual factors(demographic and problem to incorporate heterogeneity within the trajectories wheraas
characteristics)formal servicegsubstance abuse treatment LCGM does not. The LCGM approach, however, can b
and community agency contacts), aimformal influences  applied to a wider range of distributions of the dependamt
(12-step meeting participation and recovery-oriented social variable such as dichotomous indicators and counts. 118

Baseline Year 1 Year 3 Year 5

networks) Bond et al., 2003; Weisner and Matzger, 2003;  In addition to estimating the number of latent profilesio

Weisner et al., 2003a one can test and fit separate polynomial terms to character-
ize the shape of each profile. It is also possible to test pa-

1.1. Latent class growth models tential baseline factors which influence which latent profiez

an individual is assigned to as well as testing time-varying
To identify common drinking trajectories, we used latent covariates which may influence the shape of each profilez4
class growth modeling (LCGM), an analytic approach based One important aspect of LCGM is that it provides ans
on finite mixture modeling Nluthén and Muthén, 2000; improvement on the “classify-then-analyze” procedure i
Nagin, 1999. We sought to characterize profiles of drinkers which subjects are first classified to groups by some methed
over time by constructing prototypical trajectories of the such as a cluster analysis using a distance metric, and then
variable of interest—alcohol consumption. the clusters are compared on various measures Bigess 129
The underlying assumption is that the collection of ob- etal., 2002. Such a method, in effect, assumes group/cluster
served individual trajectories can be efficiently summarized membership is measured without errBiogder et al., 1999 131
by a smaller set of latent clusters of those trajectories. A ra- Not accounting for the error in cluster assignment in those
tionale for approaching longitudinal data in this manner is comparisons may result in statistical bias.dyultaneously 133
provided byNagin (1999)who uses the analogy of clinical estimating group membership and testing for group diffegs
diagnostic classifications; we know that not everyone with ences, however, it takes the uncertainty of group memhes-
the same diagnosis is identical, but we also recognize thatship into account in estimating the standard errors usedamn
such groupings are meaningful and helpful in both clinical testing for differences. 137
practice and research. A challenge to the application of this mixture-of-distributss
To illustrate,Fig. 1displays several individual 5 year tra- ions approach is that there are many possible modelssto
jectories from our data which exemplify the wide variation choose from with no clear, best procedure for searching
in drinking patterns observed. Baseline levels varied, someamong them. So determining the number of latent profile
increased the volume they drank over time, some drank lessclusters, which and how many polynomial terms to includez
as time went on and some both increased and decreased hownd what baseline and covariate measures to include all fassn
much they consumed. Thus, we cannot assume any changeompeting models. As a guide, Nagin advocates the usesof

is necessarily monotonic. Bayes factor to compare model§gss and Raftery, 1995 145
The statistical method itself has a long histoBager and Computed from the Bayesian information criteria (BIC), mi4s
Curran, 2003 and has recently been developed Msgin nus two times the change in BIC between models is an a&p-

(1999) Nagin and Tremblay (2001Roeder et al. (1999s proximate Bayes factor which can then be used to seleata
LCGM and in the context of structural equation modeling as parsimonious model. Reference to other criteria can be foumnd
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in Bauer and Curran (20083ndMuthén (2003)LCGM has Individuals met criteria for problem drinking by reportingo2
been used to date primarily in studies of adolescent behaviorat least two of the following during the previous 12 monthsis
(e.g.,Brame et al., 2001; Cote et al., 2002; Lacourse et al., (1) drinking five or more drinks on a day at least onceze
2002 where change is more the norm. In studies of drug month for men (three drinks on a day weekly for womersjs
useWhite et al. (2002Yecently applied LCGM to adoles- (2) one or more alcohol-related social consequences (froam
cent smoking as di€Colder et al. (2001using GMM. Hill a list of eight); and (3) one or more alcohol dependenme
et al. (2000) Tapert et al. (2003)Chassin et al. (2002nd symptoms (from a list of nine). This measure is consistent
Oxford et al. (2003)used latent trajectories to study alco- with the predominant approach taken in research on alg®-
hol use among adolescents avidthén and Muthén (2000)  hol epidemiology and similar measures have been usediin
modeled heavy drinking using GMM. a wide variety of published studiefnétitute of Medicine, 211
We asked three primary questions: (1) are there underly- 1990; Schmidt et al., 1998; Weisner, 1990; Weisner and
ing groups of prototypical profiles in the data; (2) what are Schmidt, 1992; Wilsnack et al., 1991Alcohol-related so- 213
the shapes of those profiles; and (3) are there variables, becial consequences cover a range of ways that individuals
yond drinking volume, which influence both which profile a with substance abuse problems come to the attentioreisf
subject is classified to and how the profile is shaped? Also, others in the communityHjlton, 1987; Weisner, 1990;216
as this methodology has not yet been widely applied, we Weisner et al., 1995; Weisner and Schmidt, 199bhis 217
wanted to determine the feasibility of applying this approach included drinking—driving arrests, public drunkenness ats
to the field of alcohol research for questions such as these.rests, other alcohol-related criminal arrests, traffic accidents
when drinking, other (non-traffic) alcohol-related accidentsg

and/or confrontations about an alcohol-related health preh-

2. Method lem by a medical practitioner, serious alcohol-related famiby
problems caused by respondents’ drinking, confrontatiens
2.1. Subjects about an alcohol-related job problem by a supervisor 2o«

employer. The count of dependence items included nine

The study sample resulted from combining two sampling criteria commonly used in clinical and general populatiaps
procedures. Details can be found\iveisner and Matzger  researchAmerican Psychiatric Association, 2000; Caetangr
(2002)andWeisner et al. (2002dnd are summarized here. and Weisner, 1995 228
In-person interviews were conducted with individuals en-  To select those individuals who met criteria &@cohol de- 229
tering a county’s public and private chemical dependency pendencgour measure consisted of a checklist of questians
programs (theéreatment samp)eand with problem drinkers  based on criteria from the Diagnostic Interview Schedule for
from the general county populatiorggnheral population Psychoactive Substance Dependence, DSMAYhérican 232
sampl¢ who had not received treatment in the prior year. Psychiatric Association, 20Q0@hat has been used in otherss
The treatment samplérn = 927) included consecutive ad- published studiesHumphreys and Weisner, 200@0/eisner 234
missions in the ten public and private programs in the county et al., 2000a,b, 2001 We established whether each sympss

that met the following inclusion criteriak@skutas et al.,  tom was present or absent during the 30 days prior to the
1997: (1) at least one new intake per week; (2) drugs other baseline interview. 237
than alcohol were not the primary focus (e.g., methadone
maintenance programs were not included); and (3) first 2.2. Data collection 238
line treatment entry (i.e., programs limited to aftercare or
programs were excluded). In-person baseline interviews were conducted in 1995 apd

Data collection for the treatment sample was conducted 1996. One-, three- and five-year follow-up interviews weze
by trained interviewers who were independent of the treat- conducted using computer assisted telephone interviewing.
ment agencies. They administered structured in-personBaseline respondents were tracked every three monthsaus-
questionnaires to all participants by the end of their third day ing postcard mailings and telephone check-ins. Respondesis
of residential treatment or third outpatient visit. Informed who could not be reached by telephone were referred toa
consent was obtained and participation was independent offieldwork agency for further searching. Follow-up responss
receiving agency services. The overall response rate for in-rates (based on the baseline survey) were 84% for yeard,

dividuals in all programs patrticipating in the study was 80%. 82% for year 3, and 79% for year 5. 247
The general population samplef dependent and problem
drinkers not entering treatment & 672) was collected in  2.3. Measures 248

the same county. Telephone interviews using random digit

dialing methods were conducted with a probability sample  The variables used in this analysis were selected based
of 13,394 individuals age 18 and over. Individuals were both on our previous research and selected for theoretisal
recruited for an in-person interview if they met problem reasonsKiseretal., 1997; Weisner et al., 200:3also, these 251

drinking criteria (described below) and had not received measures have been used in several published padpand ( 252

substance abuse treatment during the previous 12 months. et al., 2003; Kaskutas et al., 2002; Weisner and Matzgs,
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2003; Weisner et al., 2008aThe behavior we sought to Second, once the optimal number of latent profiles was
model was the change in the total number of drinks taken established, we screened among the baseline variablegofor
in the year prior to each assessment—the total volume of candidates to add to the model using a method simiar
alcohol consumed. Given the skewed nature of the observedto the model-building strategy discussed Hgsmer and 311
data, we used the base-10log of the volume throughout theLemeshow (1989jor logistic regression (p. 86) aridagin 312
analysis. The resulting distribution fit much closer to the (1999) To do this, a multinomial logistic regression moded;s
normal distribution and resulted in better fit statistics than with predicted latent profile group membership from thes
the untransformed measure throughout our work with this first step as the dependent variable and the candidate base-
data. line variables as covariates was estimated and tested.34ll
Baseline variablesncluded age, gender, marital status, candidate predictors witl? < 0.10 were kept and placed:7
ethnicity, family income, alcohol-related social conse- in a new latent trajectory model. We then re-fit the latent
guences, number of dependence symptoms, and whethetrajectory model, again constraining it to have the same
respondents reported any alcohol treatment in the year priornumber of profiles found optimal in step one, but nowo
to the interview.Time-varyingmeasures covering the year including the baseline variables selected through the screen-
prior to each interview included an indicator of whether ing. This provided us with a test of each of the candidate
they had received any suggestions about their drinking from baseline variables. For the next step, we retained only thase
anyone (family member or friend, as well as provider from baseline variables which were statistically significant. By
a welfare, medical, criminal justice or workplace setting), adding the baseline variables to the model, some subjeets
whether they had any contact with any community agency may be assigned to a different latent profile. 326
system (i.e., welfare, medical, criminal justice, workplace) In the third step the—estimated latent profile groupr
about their drinking, the size of their heavy drinking and membership from step 2 was used in a second screenimag
drug using social network, the number of days they at- analyses—this time to select candidates from among ibe
tended an AA meeting, and whether they had received anytime-varying covariates. Given that each covariate was

substance abuse treatme@b(e et al., 200R measured four times (once per assessment), we used a
set of repeated measures general linear models for the
2.4. Procedure screening—one per candidate measure—in place of a sin-

gle multinomial logistic regression. Measures where tkm
The literature suggests that those whose problems areprofile-by-time interaction was significant were retained fess
more severe may have less reduction in consumption andinclusion in the final model. Then, in the forth and finabs
problems over time and those whose problems are less sestep, a model was estimated and tested which now inclueed
vere are at less risk for having their problems addressed orboth the baseline variables and the time-varying covariatas.
entering treatmentHinney and Moos, 1992; Shaw et al.,
1997; Simpson, 1990; Simpson et al., 2p0Aowever, it
is unknown if this would effect the latent classifications so 3. Results 339
instead of modeling dependent and non-dependent respon-
dents separately we tested baseline dependence as one of In comparing model fit among the two-class (BKEE 340
the candidate variables. —655829), the three-class (BIC= —643263), the 3
Given the very large set of possible models and the lack of four-class (BIC = —-632872), the five-class (BIC= 342
a fully objective method of model selection, we proceeded —626171), and the six-class (BIG —649608) models, 343
with model building and testing in four steps: (1) estimating a five-latent profile model was selected. The probability @f
the number of profiles; (2) screening for candidate baseline correct model for the five-class solution was equal to k43
variables; (3) screening for time-varying covariates; and (4) (Nagin, 1999 formula 6). Examination of the mean posss
testing a final model. To implement the work we employed terior probabilities of assignment to profile are displayed
a user-written SAS procedure, Proc Trdg(es et al., 2001 in Table 1 and indicate a strong separation among thg
More specifically, in the first step, five different latent profiles. 349
class growth models of alcohol volume were estimated: the
first fitting only two latent profiles, the next three profile e 1
groups, and so on up to a model with six latent profiles. mean posterior probability of latent profile group membership (row) by
Each model contained no covariates but did include terms for latent profile group assigned to (column)

Iinear. anq quadratic time effects—a decision pased on the Early Non-drinkers Gradual Moderate Heavy
examination of the data (sé€€g. 1) and the four-time point quit improvers drinkers  drinkers
design. Using the Bayes Factor as a guide to compare modebroup 1 0.96  0.01 0.01 0.01 0.00
fit, we selected the most parsimonious model. Part of this Group 2 0.00  0.96 0.00 0.01 0.00
decision included the relative size of each resulting profile Group 3 0.01  0.00 0.89 0.02 0.00
so that, ideally, no one cluster held less than approximately ¢oup 4 003~ 0.03 0.07 0.82 0.10
Group 5 0.00  0.00 0.03 0.15 0.90

5% of the total sample.
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Early Quiters (N=88)
- - = = Non-Drinkers (N=76)
—o6— Gradual Improvers (N=129)
— — Moderate Drinkers (N=229)
—m— Heavy Drinkers (N=572)

3.50 1

3.00 -

—
——
—
—
. —

Mean Log-10 Drinking Volume

0 1 3 5
Assessment Year

Fig. 2. Latent group profiles of mean log 10 number of drinks consumed
in the prior year.

For descriptive purposes we labeled the latent pro-
files, displayed inFig. 2, as early quitters N = 88),
light/non-drinkers v = 76), gradual improvers\ = 129),
moderate drinkersN = 229), and heavy drinkersM =
572). That is not to say respondents assigned to the mo

more AA attendance, and smaller sized drinking networks
(all P < 0.05). 378
We also used a variation on multiple imputation to aelo
dress this matter. Proc Ml in SAS was employed to gesss
erate five imputed datasets using MCMC. For each of the
imputed datasets we re-estimated a five-class model and
cross-classified group membership in one model agaisst
another’s. For each of the resulting ten contingency tables,
we computed the percentage of respondents not assigneesto
the same profile in both models. The average discordassee
was only 11.6% with the majority of that resulting fromsz
switching between the heavy and moderate trajectories. Bhis
is consistent with the off-diagonal mean posterior probakus
ities seen inTable 1 390
3.1. Profile shape 391
As expected, given the study recruitment methods, all pse
files (Fig. 2) begin at a high level of drinking with one excepsas
tion. The light/non-drinkers are characterized by relativedy
little drinking throughout the 5-year period. In reviewingps
the data it appears that these participants were, at the tipae

g-of their baseline interviews, in treatment for drug problerss

erate drinkers profile, for example, were all drinkers at all Other than alcohol. The fact that this group was separated

time points. The proportion in each group who reported no
drinking in the previous year, as shownTable 2 however,
suggests these labels are reasonable.

Table 3displays the parameter estimates and tests of sig-

nificance for the final modeling step. Though not displayed

in the figures, the predicted latent group profiles were close

to the observed.

As in any longitudinal study, survey respondents droppe
out of the study for various reasons or did not answer
all baseline questions resulting in missing data. As this
methodology requires full data to estimate the latent tra-
jectories, this analysis was run on a final sample size o
1094. The question then is whether a model including

the missing cases, had they been available, would have

resulted in a different solution. There is no way of know-
ing that or how the dropouts are distributed among the
five latent classes. Comparisons on baseline measures b
tween those with full data and those without found some
statistical differences. Those without full data were more
likely to be male, have higher ASI psychiatric, drug and
employment severity scores, less ASI alcohol severity,

Table 2
Proportion of group membership reporting no drinks consumed in prior
year

Baseline Year 1 Year 3 Year 5
Early quit 0.0 96.6 100 77.3
Non-drinkers 67.1 76.3 65.8 65.8
Gradual improvers 0.0 13.2 48.1 73.6
Moderate drinkers 1.3 16.2 135 4.8
Heavy drinkers 0.17 1.6 0.7 0.5

dargest group § = 572, or 52.3% of the sample).

out supports the usefulness of the LCGM approach to med-
eling trajectories. 400

The early quitters are mainly respondents who went fram
heavy drinking to a very low level of alcohol consumpe2
tion and maintained that low level with a rise in year o3
The gradual improvers displayed a steady drop in meansad-

cohol consumption over time. In contrast, both the modess

g ate and heavy drinker groups continued their consumptios

across time. The moderate drinker group, however, begamat
a lower level at baseline (a profile group mean of 1.7 drinks
per day versus 4.5 for the heavy profile) and appearedico

¢ have declined more at year 1. The difference in consump-

tion is striking. The mean number of drinks for the modeft1
ate drinkers at year 1 is down to 0.8 drinks per day whilesib
only dropped to a mean of 3.2 drinks per day for the heaay
drinkers. Also of note is that the heavy drinkers form the:
415
3.2. Baseline variables 416

Among the baseline variable candidates, ASI drug sewvar-
ity, number of dependence symptoms, family income, and
marital status (constructed as two contrasts comparing thase
never married to those formerly married and to those cum
rently married) all passed the screening step. In testing these
four variables among the five latent profiles, only family inz2
come was not significant. Then light/non-drinkers and grads
ual improvers had the highest mean ASI drug severity scoras
at intake (0.14 and 0.11) while the heavy drinkers had the
lowest (0.05). Interestingly, the early quitters had the highs
est number of dependence symptoms (mea.23) and 427
the light/non-drinkers had the lowest (0.08).

DAD 2335 1-10
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Table 3
Estimates, standard errors and tests of significance of the final model for the problem drinking sample
Group Paramet@r Estimate Standard error T-value P> T
Baseline variables
Non vs. early Constant 2.57 0.355 7.23 0.0000
ASI drug 8.55 2.120 4.03 0.0001
Dependence Sx —-3.64 0.563 —6.48 0.0000
Formerly married -0.14 0.311 —0.46 0.6440
Married 0.61 0.307 2.00 0.0459
Decliners vs. early Constant 0.40 0.348 1.15 0.2522
ASI drug 221 1.279 1.73 0.0838
Dependence Sx —0.05 0.062 -0.82 0.4123
Formerly married —0.62 0.216 —2.87 0.0042
Married 0.41 0.227 1.81 0.0698
Moderate vs. early Constant 2.76 0.316 8.73 0.0000
ASI drug 0.90 1.407 0.64 0.5208
Dependence Sx —0.48 0.068 —7.03 0.0000
Formerly married —-0.63 0.211 —2.98 0.0029
Married 0.23 0.218 1.04 0.2998
Heavy vs. early Constant 3.03 0.282 10.73 0.0000
ASI drug —1.86 1.176 —1.58 0.1147
Dependence Sx -0.25 0.051 —4.84 0.0000
Formerly married —-0.63 0.172 —3.65 0.0003
Married 0.32 0.189 1.68 0.0939
Time-varying covariates
Early quitters Intercept 2.43 0.250 9.75 0.0000
Linear -5.10 0.422 -12.10 0.0000
Quadratic 0.91 0.082 11.06 0.0000
AA meetings 0.00 0.001 231 0.0212
Network size 0.01 0.015 0.60 0.5468
Prior Txt 0.51 0.222 2.29 0.0222
Suggestions 0.18 0.129 1.42 0.1570
Contacts —0.08 0.091 -0.91 0.3638
Non-drinkers Intercept -0.35 0.225 —-1.54 0.1239
Linear 0.10 0.139 0.74 0.4596
Quadratic —0.01 0.024 -0.25 0.8020
AA meetings —0.01 0.001 —4.70 0.0000
Network size 0.07 0.017 4.08 0.0000
Prior Txt 0.12 0.177 0.65 0.5153
Suggestions 0.06 0.114 0.57 0.5686
Contacts 0.03 0.074 0.42 0.6758
Decliners Intercept 2.06 0.128 16.08 0.0000
Linear —0.65 0.100 —6.49 0.0000
Quadratic 0.02 0.021 0.92 0.3555
AA meetings 0.00 0.001 —2.41 0.0160
Network size 0.03 0.007 4.23 0.0000
Prior Txt 0.88 0.112 7.82 0.0000
Suggestions 0.17 0.087 1.90 0.0573
Contacts 0.03 0.059 0.51 0.6099
Moderate Intercept 2.23 0.089 25.01 0.0000
Linear —0.48 0.067 —7.09 0.0000
Quadratic 0.08 0.013 6.47 0.0000
AA meetings -0.02 0.002 —10.95 0.0000
Network size 0.05 0.010 4.81 0.0000
Prior Txt 0.12 0.102 1.19 0.2339
Suggestions 0.37 0.088 421 0.0000
Contacts —0.06 0.043 —1.46 0.1450
DAD 2335 1-10
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Table 3 Continued

Group Parametér Estimate Standard error T-value P>T|
Heavy Intercept 2.87 0.049 59.06 0.0000
Linear -0.17 0.036 —4.60 0.0000
Quadratic 0.03 0.007 3.77 0.0002
AA meetings 0.00 0.001 —-4.71 0.0000
Network size 0.01 0.003 4.09 0.0000
Prior Txt 0.29 0.057 5.05 0.0000
Suggestions 0.22 0.045 4.97 0.0000
Contacts —0.07 0.026 —2.80 0.0051

BIC = —57044 (N = 1094).

a8 ASI drug: alcohol severity index drug severity; dependence symptoms: number of dependence Sx; formerly married: formerly vs. never married;
married: married vs. never married; contacts: contacts with formal services; AA meetings: number of AA meeting attended in previous year; network
size: number of heavy drinking and drug using individuals in respondents social network; prior Txt: received treatment for alcohol dependence in pri
year; suggestions: received suggestions about their drinking from anyone.

428 3.3. Time-varying covariates The covariates indicate that, in general, those who had

gone to fewer AA meetings and those who had received
429 The number of AA meetings, drinking cohort size, treat- fewer suggestions about help for their drinking were less
430 ment in the past year, receiving suggestions from otherslikely to have been in treatment, and were more likely o7
431 and contacts with the medical system were retained by thedisplay a steady level of drinking over time. The apparemnt
432 screening procedure for testing. Plots of the means for eachinfluence of the size of one’s cohort of heavy drinkers amd
433 of these four covariates over time for each of the five latent drug users can also be seen in these findings. 470
434 profile groups are shown iRig. 3. The results found here are in agreement with and com-
435 The means for the moderate and heavy drinkers track in pliment the analysis ofWeisner et al. (2003ayho found 472
436 a consistent fashion, with the exception of the size of the that in addition to treatment status and formal influences
437 drinking cohort which is larger for the heavy drinkers. The recover-oriented social networks are key influences on lower
438 early quitters had the highest AA attendance at year 1 andlevels of drinking. They expand upon those results by des
439 the gradual improvers had the highest number of suggestionsscribing the underlying common patterns of that drinkings

440 received throughout. Such patterns cannot be identified by the more common
mixed-effects repeated measures analysis. 478

In preliminary analyses we noticed continuing improveze

441 4. Discussion ment in model fit as models with greater numbers of clustes

profiles were applied to the data by splitting out respondesnts
442 These results indicate that the course of drinking over from the heavy and moderate drinking groups into smalkes
443 a 5-year period is variable and influenced by several fac- groups. This may indicate that this large group of steady
444 tors. Yet, while there appears to be substantial variation, adrinkers have a common pattern of steady consumptiaa,
445 limited number of prototypical profiles emerged. From the varying only in their level of how much they consume. Suebs
446 standpoint of health services research, the single dominanta notion is supported by the mean group probabilities just
447 profile—the largest group which did not appreciably change off the diagonal in the lower right corner @able 1and the 4s7
448 drinking consumption—is an important finding. In their re- variations seen among the multiply-imputed model resultss
449 view of studies of the stability of alcohol consumption over  The continuing improvement in model fit as the number @b
450 time, Kerr et al. (2002)point out that the question of the latent profiles is increased has been discusseddgin and 490
451 stability of consumption is key to questions of mortality and Tremblay (2001andBauer and Curran (2003)his reflects 491
452 diseases attributable to heavy consumption. a basic statistical problem that if the underlying distributiam
453 While this is the first LCGM of this sample and requires of profiles is not distinct but continuous, one is attempting4e
454 replication, these findings suggest that dependent and prob-approximate that continuity by a discrete function. Howeveg4
455 lem drinkers may be, initially, divided into two general cat- the distinction between those two groups may be importasst
456 egories: those that continue to drink at a steady pace overif the relationship between amount of alcohol consumed
457 time (i.e., the heavy and moderate drinking) and those for and health-related consequences is non-linear such thatdhe
458 whom their drinking declines. More effort on understand- adverse consequences accelerate once some level of aaily
459 ing who comprises the “stable” group is clearly needed. The drinking is surpassed. 499
460 tests of the baseline measures suggest those who substan- As in any research, this study has some limitations include
461 tially reduced their drinking were most likely to be those ing the use of a sample drawn from a single US countgts
462 who were the most heavily dependent at baseline. This maypopulation and the reliance on self-report. The county was
463 be driven to some degree by regression to the mean. chosen to be representative; it was selected on the basiof
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Fig. 3. Plots of time-varying covariate means by latent group over time. Legend for all plots in low left plot.

diversity in its population characteristics and mix of rural effects—most less thath = 0.20). Also, the lack of varia- 519
and urban areas. For the self-reports the study used robustion in results from one imputation to another, except for the
guestions and well-established interview techniques devel-mixing between the heavy and moderate drinking groups,

oped through the Community Epidemiology Laboratory and argues for the generalizability of the groupings. 522
clinical studies. Both of these issues are discussed further in ~ As with any new and complex method, the application o
Weisner et al. (2003a) it can be daunting and has some limitations as pointedsio

Complete baseline and alcohol consumption data at eachin Nagin (1999) The analysis can be somewhat time coses
assessment required the deletion of some respondents’ datauming both in time to choose and test the appropriate mesd-
(time-varying covariates, however, could be missing). If the els and, to a lesser extent, in computer time. A numbersaf
data are missing completely at random, then we suffered possible models were not tested and the method of madel
a loss of statistical power. If not, the latent structure may selection may have allowed a more parsimonious modebio
be different had those missing cases not been lost. Whilebe missed. Not all data will provide a clear point at whicho
some differences were found between those not in the anal-to set the number of profiles to fit. It may be difficult foss1
ysis and those retained as indicated previously, the differ- the iterative process to find a maximum likelihood solutiose.
ences were not, on the average, substantial (i.e., small sizedhe algorithm is sensitive to starting values, and respondents
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missing baseline factors are not included in the analysis. efficiency, and equity of behavioral healthcare. Am. J. Manage. Cags
While the use of the change in BIC decreases the subjectiv- 25 (5), SP25-SP44 (special issue). 584

. . L American Psychiatric Association, 2000. Diagnostic and statistical marges
ity In model selection, more objectlve help would be wel of mental disorders. Text revision (DSM-IV-TR). American Psychiatr&sé

comed. Also methods for selecting candidate baseline and  association, Washington, DC. 587

time-varying covariates could be extended. Andersen, R., Newman, J.P., 1973. Societal and individual determinsats

Further, by approaching this modeling through the of medical utilization in the United States. Millbank Memorial Funéso

semi-parametric LCGM approach over the parametric 5 Q. 5;;35—0124- 51, 2005 Distibtional ’ f ;22
GMM method, we were forced to use a more cumbersome “26 P~ ~uTan, F.o., 2093, DISTIbUfional assumpions ol gro

. . . ) mixture models: implications for overextraction of latent trajectosg2

model selection procedure. GMM is applicable to this data  jasses. Psychol. Methods 8, 338-363. 503

because we used a response variable, log volume, whichgond, J., Kaskutas, L.A., Weisner, C., 2003. The persistent influences®f
is normally distributed. We chose the LCGM approach for social networks and alcoholics anonymous on abstinence. J. Stod.
three reasons. First, there are other non-normally distributed  Alcohol. 64 (4), 579-588. . 5%
measures we are interested in such as alcohol abstinenc&@me: B- Nagin, D.S., Tremblay, R.E., 2001. Developmental trajectoses

. . . of physical aggression from school entry to late adolescence. J. Chdsl
and AA attendance. As this time, GMM is restricted to Psychol. Psychiatry 42, 503-512. 599
the multivariate normal case. Second, as this method hassurgess, E.S., Brown, R.A., Kahler, C.W., Niaura, R., Abrams, D.Bgo
seldom been used in this arena (and not on a sample such Goldstein, M.C., Miller, I.W., 2002. Patterns of change in depressisel

as this) we were not certain we would have sufficient data symptoms during smoking cessation. Who's at risk for relapse?6d2

to estimate within-class heterogeneity or that it would be __Consult: Clin. Psychol. 70, 356-361. 603
. . . . . . Caetano, R., Weisner, C., 1995. The association between DSM-II64
informative. Finally, we have been working in SAS and this alcohol dependence. Addiction 90 (3), 351-350. 605
Proc is available at no cost. Chassin, L., Pitts, S.C., Prost, J., 2002. Binge drinking trajectories freo6
The broader case for using methods such as LCGM in  adolescence to emerging adulthood in a high-risk sample: predictns
this context is discussed Uyluthén and Muthén (2000) and substance abuse outcomes. J. Consult. Clin. Psychol. 70 (1),663—

: . 78. 609
It has been successfully used in the field of adoIescentCOIder‘ CRR. Mehta, P, Balanda, D., Campbell. R.T., Mayhew, K.l

behavior bY Nfagm and colle_agues and appears We!l suited Stanton, W.R., Pentz, M.A., Flay, B.R., 2001. Identifying trajectories &f1
for an application such as this. The results, at least in these  adolescent smoking: an application of latent growth mixture modelireg2
data, are useful and interpretable. The ability to detect Health Psychol. 20, 127-135. 613
and describe underlying common longitudinal trajectories Collins, L.M., Sayer, A.G., 2001. New methods for the analysis of change+
should help bring greater insight to understanding behav- Otzmse”C?;npqu;;c’g’%Ca:\l’;;snocg‘“son'z\(’)vc"":(:::rl‘gm'\:’ Dvi;am . 200212
ioral Changes over time a§ serveas a compllmentary metho Childhood behavioral profiles leading to adolescent conduct disordam
to the more standard mixed-effects ANOVA approach to risk trajectories for boys and girls. J. Am. Acad. Child Adolescests
longitudinal data.Nagin and Tremblay (2001have ex- Psychiatry 41, 1086-1094. 619
tended LCGM to mode"ng Separate but related outcomes Fillmore, K.M., 1988. Alcohol use across the life course: a critical re20

and version 3 of Mplus promises several improvements view of seventy years of international longitudinal research. Addictiea1

. Research Foundation, Toronto, Canada. 622
(http://www.statmodel.com/mlxtureaddon.h)n1h general' Finney, J.W., Moos, R.H., 1992. The long-term course of treated alée3
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