NSU

m Nova Southeastern University
ORERSY TN NSUWorks

College of Psychology Theses and Dissertations College of Psychology

1-1-2009

A Longitudinal Approach to Understanding
Indivic%ual Differences Affecting the Drinking

Behavior Change Process

Mariam Dum
Nova Southeastern University, mariamdum@gmail.com

This document is a product of extensive research conducted at the Nova Southeastern University College of
Psychology. For more information on research and degree programs at the NSU College of Psychology, please
click here.

Follow this and additional works at: https://nsuworks.nova.edu/cps_stuetd
b Part of the Psychology Commons

Share Feedback About This Item

NSUWorks Citation
Dum, M. (2009). A Longitudinal Approach to Understanding Individual Differences Affecting the Drinking Behavior Change Process.

Available at: https://nsuworks.nova.edu/cps_stuetd/27

This Dissertation is brought to you by the College of Psychology at NSUWorks. It has been accepted for inclusion in College of Psychology Theses and

Dissertations by an authorized administrator of NSUWorks. For more information, please contact nsuworks@nova.edu.


http://nsuworks.nova.edu/?utm_source=nsuworks.nova.edu%2Fcps_stuetd%2F27&utm_medium=PDF&utm_campaign=PDFCoverPages
http://nsuworks.nova.edu/?utm_source=nsuworks.nova.edu%2Fcps_stuetd%2F27&utm_medium=PDF&utm_campaign=PDFCoverPages
https://nsuworks.nova.edu?utm_source=nsuworks.nova.edu%2Fcps_stuetd%2F27&utm_medium=PDF&utm_campaign=PDFCoverPages
https://nsuworks.nova.edu/cps_stuetd?utm_source=nsuworks.nova.edu%2Fcps_stuetd%2F27&utm_medium=PDF&utm_campaign=PDFCoverPages
https://nsuworks.nova.edu/cps?utm_source=nsuworks.nova.edu%2Fcps_stuetd%2F27&utm_medium=PDF&utm_campaign=PDFCoverPages
http://psychology.nova.edu/index.html
http://psychology.nova.edu/index.html
http://psychology.nova.edu/index.html
https://nsuworks.nova.edu/cps_stuetd?utm_source=nsuworks.nova.edu%2Fcps_stuetd%2F27&utm_medium=PDF&utm_campaign=PDFCoverPages
http://network.bepress.com/hgg/discipline/404?utm_source=nsuworks.nova.edu%2Fcps_stuetd%2F27&utm_medium=PDF&utm_campaign=PDFCoverPages
http://nsuworks.nova.edu/user_survey.html
mailto:nsuworks@nova.edu

A LONGITUDINAL APPROACH TO UNDERSTANDING INDIVIDUAL
DIFFERENCES AFFECTING THE DRINKING BEHAVIOR CHANGE PROCESS

By
Mariam Dum
A Dissertation Presented to the School of Psychology
of Nova Southeastern University
in Partial Fulfillment of the Requirements
for the Degree of Doctor of Philosophy
NOVA SOUTHEASTERN UNIVERSITY

2009



TABLE OF CONTENTS
LIST OF FIGURES ...,
LIST OF TABLES ...
ACKNOWLEDGMENTS ...
DEDICATION ...,
ABSTRACT ..o
CHAPTER I: STATEMENT OF THE PROBLEM ...,

CHAPTER II: REVIEW OF THE LITERATURE ........ccooiiiiiiiian
Overview of Person-Centered Statistical Methods.....................cot.
Latent Class Analysis and Latent Profile Analysis ...............c.oooiiiiin
Latent Class Growth Analysis ........coviiiiiiiiiiii e,
Growth Mixture Modeling ............ooooiiiiiiiii e,
General Growth Mixture Modeling ............coooiiiiiiiiiiiii e,
Applying Person-Centered Methods to Alcohol Abusers ..............c..c..ceet.
Guided Selt-Change Treatment Model: Individual and Group Settings ............
Predictors of Treatment OULCOMES .......ooueueiniiniiiiiiiii e
Drinking Patterns of Alcohol Use...........coooiiiiiiiiiiiiii e,
Problem Severity Levels ..o
GOAL CROICE ...ttt e
CHAPTER III: Method ......oooiiiiii e
PartiCIPants ........oouiiiiii e
Procedure ........oouiiii
Baseline and Outcome Measures ..........co.eviuiiieiiiiiiiiiineii e,
Assessment QUESTIONNAITE ........ueiueientt ettt ettt aee et eriee e e
Timeline Followback (TLFB) ......ooiviiiiiii e
GOoal StAtEMENL ...ttt
Guided Self Change Treatment Components .............ccevvvvviniennienineennnannn
Group Treatment Procedure ............oooiiiiiiiiii i
Statistical ANALYSIS ....intii i e
CHAPTER IV: ReSUILS ..neitiii e,
Growth Mixture Models for TLFB Follow-up Data .......................ooonen.
Two-Class Model for TLFB Follow-up Data .............c..c.oooiiiiin.
Four-Class Model for TLFB Follow-up Data ...................oooiiiiie.
Growth Mixture Models with Covariates for TLFB Follow-up Data ................
Two-Class Model with Covariates ..........c...cooeiiiiiiiiiiiiiiii .
Four- Class Model with Covariates ............cccovviiiiiiiiiiiiiiaiiieieannnn,
Comparing the Growth Mixture Models with and without Covariates ............
Growth Mixture Models for TLFB Assessment Data .......................oeeei
Two-Class Model for Pre-Treatment Drinking Trajectories ....................



Sequential Process Growth Mixture Model .................ooooiiiiiiiiiiiiii. 77

Latent Class Analysis for Alcohol-Related Consequences .......................... 81
Cross-Tabulation Chi-Square Analysis ...........cooiiiiiiiiiiiiiiiiiiieieans 85
CHAPTER V: DISCUSSION ...ttt 86
Drinking Trajectories During Follow-up ............ccoooiiiiiiiiiiiiiiiinn, 86
Relationship of Pretreatment Variables to Drinking Trajectories at Follow-up
.............................................................................................. 88
Significance of the Study .........coooiiiiiiii 91
LIMItAtIONS . ooentttte e 93
Future DIreCtions ........oouiiniiiii e 94
REFERENCES ... e 96

il



2.1
2.2

23
24
2.5

2.6
4.1
4.2
4.3
4.4
4.5
4.6
4.7
4.8
4.9
4.10
4.11
4.12
4.13

4.14
4.15

4.16
4.17

4.18

4.19
4.20

4.21

4.22
4.23

LIST OF FIGURES

Path Diagram and Graph for a Latent class analysis (LCA) .....................
Differences among the Latent Class Growth Model (LCGA) and General
Mixture Model (GMM) ..ot e,
Path Diagram and Graph for a Latent Class Growth Model (LCGA) ..........
Path Diagram and Graph for a Growth Mixture Model (GMM) ................
Path Diagram and Graph for a General Growth Mixture Model (GGMM)
WIth @ COVATIALE ...ttt
A Sequential Process GMM for Continuous Outcomes with Two
Categorical Latent Variables ...........coooeiiiiiiiiiiiie e,
Growth Mixture Model for Pre-Treatment and Post-Treatment TLFB Data ..
Change Trajectories for the 2-Class to the 6-Class Model .......................
Estimated Means for Change Trajectories for the 2-Class Model ...............
Estimated Means and Observed Individual Values for HFC and LFC .........
Estimated Means for the Trajectories of Change of a 4-Class Model ..........
Estimated Means and Observed Individual Values for HFC, LFC, R, and SC
Estimated Means Comparison for Individuals in the HFG with High and
Low Number of Days Consumed 5 or More Drinks .................cooovini.
Estimated Means for Trajectories of Change of the 4-Class Model with
COVATIALES ...ttt et
Estimated Means and Observed Individual Values for HFC, LFC, DC, and

Estimated Mean Comparison for Goal Choice among LFC .....................
Estimated Mean Comparison for Treatment Modality among FC ..............

Estimated Mean Comparison for Goal Choice Among FC ......................

Estimated Mean Comparison for Number of Alcohol-Related Consequences
Among FC ..

Estimated Mean Comparison for Goal Choice Among DC .....................

Estimated Mean Comparison for Days consumed 5 or more Drinks Among
D
Pre-Morbid Alcohol Trajectories for the 2-Class to the 6-Class Model ........
Estimated Means for the Pre-morbid Drinking Trajectories of the 2-Class
MOdE] ...t
Estimated Means and Observed Individual Values for the LSG and the HSG
Diagram for the Sequential Process GMM Analysis ...........cccvveiiiiin
Estimated Means for the Change Trajectories of the Sequential Process
Growth Mixture Model ...
Estimated Means and Observed Individual Values the Sequential Process
Growth Mixture Model ...
Latent Class Analysis Diagram for Alcohol-Related Consequences ............
Estimated Probabilities of Endorsing a Alcohol-Related Consequence for
Each Class ....ouiii

il

18

19
43
44
46
46
49

50
55
57
58
64
65
66

67
68

69
74

76

76
78

79

80
82



2.1
3.1
4.1
42
43
44
45
4.6
4.7
4.8
4.9
4.10
4.11
4.12
4.13
4.14
4.15
4.16

4.17
4.18

4.19
4.20
4.21

LIST OF TABLES

Summary of Techniques Using Latent Classes ............ccccvvviiiiiininnnnn.

Pretreatment CharacteriStics ..........vuevuiieiniiiiiiiiiii e

Model Fit for Growth Mixture Models...............oiiiiiiieees

Growth Factor Means for Each Drinking Class ................ccooovviiiiiiin.

Growth Factor Means for Each Drinking Class ..............cccovviiiiiiiiinn...

Parameter Estimates for Growth Factors Regressed on Covariates for High
Functioning Clients (HFC) ...,

Parameters Estimates for Growth Factors Regressed on Covariates for the
Low Functioning Clients (LFC) ...,

Odds Ratios (95% Confident Intervals) for the Covariates in the 2-Class
MoOdEl ..o
Parameter Estimates for Growth Factors Regressed on Covariates for the
High Functioning Clients (HFC) ...,

Parameter Estimates for Growth Factors Regressed on Covariates for Low
Functioning Clients (LFC) .......ooiiiiii e,
Parameter Estimates for Growth Factors Regressed on Covariates for the
Fluctuating Clients (FC) ..o e,

Parameter Estimates for Growth Factors Regressed on Covariates for
Deteriorating clients (DC) ......ooviiiiiiiii e

Odds Ratio (95% confident intervals) for Comparisons between Four-
2117 ) o
Comparison between Models with and without Covariates .....................

Model Fit for Growth Mixture Models with Assessment TLFB Data .........

Growth Factor Means for Each Drinking Class for the Two-Class Model for
the Pre-morbid Alcohol Trajectories .........ocevvviiiiiiiiiiiiiiiii e,

Estimated Posterior Probabilities for a Sequential Process Growth Mixture
MOdEL ..o
Latent Transition Probabilities for a Sequential Process Growth Mixture
MOdEL ..o
Growth Factor Means for Each Drinking Class

Observed Sample Size and Proportion for the Eight Binary Alcohol-Related
CONSEQUETICES ...t ettt et ettt et et e et e e e e e e

Model Fit for the Latent Class Analysis .........ccovviiiiiiiiiiiiiiiiiiiiinn,
Estimated Probabilities for the 2-Class LCA Solution ...........................

Cross-Tabulation Analysis for Alcohol-Related Consequences and
Functional Days at FOIlow-up ........c..coooiiiiiiiiii

v

54
56
56
61
62
62
63
70
71
73
77

79

80
81

82
83
85



ACKNOWLEDGMENTS

First, I would like to thank my mentors, Drs. Linda and Mark Sobell, for the time
and dedication they have invested in my profession. Their guidance, trust and support
provided the foundation upon which I am able to build my clinical and research career. It
was a rewarding journey to be a part of their team, where I was able to grow and develop
as a researcher and as a clinician. We spent numerous hours learning and laughing,
talking about psychology and other fun things. I strongly thank them for their openness
and warmth. Through their mentoring, I learned the importance of integrity,
responsibility, and dedication. Their commitment to the development of science and
truthfulness in their work has inspired me throughout my doctorate career. Thanks to
their trust in who [ am, I was able to overcome many limitations faced throughout
graduate school. Their high standards for my work have definitely made me a stronger
person and a more dedicated professional. I will always carry a part of “the Sobells” in
my heart and remember them as the source of my professional essence.

I also want to sincerely thank Dr. Craig Marker for his encouragement and
excitement about this area of research. The faith he placed on my ability to accomplish all
these complicated analyses helped me feel confident about getting my dissertation done
even in the worst moments. In addition, I want to thank Dr. Katie Witkiewitz, who
guided me throughout the complicated statistical analyses via email by dedicating time
and effort in responding my questions. Without her kindness and help, this dissertation
would have not been completed. In addition, I want to thank Nicole Covone who did an

amazing job editing my dissertation.



I also want to express my gratitude to my clinical supervisors. Thank you to Dr.
William Dorfman, the “best” clinical professor in graduate school, whose feedback
strengthened my self-confidence as a person and therapist. Thank you to Dr. Camille
Gonzalez, for being a role model and the first one to teach me the ins and outs of being a
psychologist in real life. I strongly respect her unconditional dedication to the veterans
and her deep integrity as a psychologist. I also want to thank Dr. Eddie Roca, a
supervisor who greatly impacted my development as a psychologist. Throughout his
teachings, he shattered a lot of rigid paradigms I had about our profession. I will always
follow and remember his authenticity and genuineness. I want to offer a special gratitude
to Dr. Nicoletta Tessler. During internship, Nicki took apart the nice puzzle I had put
together about who I am, how I see therapy, and who I want to be in the future. Through
supervision, she helped me redesign that puzzle about “my essence” in order to be a
better clinician and a more sensitive person. Even though this was an emotionally
challenging experience, due to her endless genuineness, unconditional support,
extraordinary sense of humor, and unquestionable knowledge about therapy, she made
this process enjoyable and fascinating. I thank her for making me a better person.

Thank you to all my friends in graduate school who made this journey more
pleasant! The time that we spent together gossiping, complaining, laughing and teasing
was definitely the drug that cured all the tiredness, frustration, and discouragement that is
normally faced during this process. Particularly, I want to thank Andrew Voluse whom I
strongly admire for his dedication and integrity. He helped me throughout graduate
school with the challenge of having to interact in a new language. I also want to name

Monica Roy, a memorable friend, who was like a big sister to me during the first two

vi



years of my career, giving me the best advice about professional development and career
paths. I thank my dear, most sarcastic internship buddy, Annjannette Sas-Galvez.
Internship would have never been the same without our fun lunches, where we gossiped
and “solved all our patient’s problems with our deep conversations about therapy and
life.” She was one of those peers to whom I went for clinical advice and reassurance. I
thank her for all her unconditional support. Last, but not least, my best friend Nicholas
Heinecke, who was always there for me, giving me emotional support. We spent long
hours sharing our feelings about our profession and growing together as clinicians and
researchers by doing peered supervision and respecting each other’s ideas in the most
sincere and genuine manner. Nick is one of those friends every person would wish to
have!

Thank you to my childhood friends, Stephanie, Adriana, Ailyn, Dalit, Karen, Tati,
Yael, Sigal, Diana, and Sandra, who were there for me unconditionally, loving me
without criticizing my lack of presence in their life due to the worthwhile sacrifice that a
doctorate program requires. I have strongly appreciated their encouragement and
unconditional support throughout these years. I will never forget the words of my best
friend Stephanie, who I love as a sister, “the last person in the world that I would have
imagined to finish a doctorate is Mariam.” I also want to thank my new friends in the
United States, who were not part of my professional life, but made my life incredibly fun!
Thank you to Mauricio Levitin, Michelle Levitin, Jonathan Malka, Jessica Gallego,
Joshua Gold, Federico Stube, Claudia Vainrub, and Melissa Sued. I also want to thank
my Bostonian mother, Bonnie Brown, who has always been there for me. During my last

year in Boston at CARD, she guided and offered emotional support through the hard

vii



work of applying to graduate school. A special thanks to Dr. David Barlow and Tim
Brown, who trusted my ability to be a competent research assistant without speaking
English well. With them, I was exposed to an incredible intellectual atmosphere and
challenging experiencing that I will always miss.

As a young girl, I always received a strong message emphasizing education along
with the importance of integrity, respect, kindness, sincerity, humbleness, and hard work.
Without the insistence of this message that was easily embedded in the bottom of my
heart through the unconditional love and support of my parents, I would have never
accomplished the difficult task of being a psychologist. I owe my parents all the positive
feedback I received from all my supervisors about the excellence of my work. They have
made me and keep making me who I AM. As tears come from my eyes, I thank God for
being their daughter and having them as my parents. I will keep working hard to make
them proud!

The first love of my life, my brother Joe, who has always been there for me, to
protect me and who had to address all my complaints and irrational fears without
knowing what to do or how to respond to them. I thank him for giving me strength
through his company and presence. Our fun moments together talking about life and
family, partying and playing racquetball, represented the best moments throughout these
years. A special thank to my siblings in-law and my parents in-law whose message was
always “you don’t need to have a doctorate for us to love you.” Their caring concerns
about the crazy amount of hours working was definitely very comforting.

Finally, I want to thank my dear husband, Josef Preschel. Every day that I wake

up I ask myself, how can I live without him? And recently, I asked myself another

viil



question too, how can I live without the most precious and beautiful gift that God gave
us, my dear daughter Gabriela? It is a very scary thought as they are the loves of my life
and the reason why I wake up every morning with a smile in my face. As I asked Josef
one time, “How do you make me be a better person?”” He responded, “I make you more
responsible, dedicated and loving.” He could not have said it better. Thanks to his
presence, I am a better person. Thanks to his love, I am happy. Thanks to his support and
patience, I was able to be a “long lasting student.” Thanks to his trust and hopefulness, I
will be a good psychologist. Feito, thanks for being who you are, the best husband, father,
friend, and family member. You are the pillar of every social group, institution, or
company due to that humbleness that a strong, smart, genuine, and dedicated person
offers to the world. Thank you for choosing me to navigate through the beautiful journey

of our lives.

X



DEDICATION
For my grandparents, Moshe and Rosa Dum, and Jose and Hilda Levy, for their
important legacy of humility and education that is summarized in the following quote by
Moshe ben Maimon: “Teach thy tongue to say I do not know and thou shalt progress.”
A special remark: I will never forget the proud expression on my grandfather’s face, el
abuelo Dum, when he saw my first senior author publication with his last name on it.
In addition, I want to dedicate my work to my daughter, Gabriela and hopefully, future
children, as an example of what I learned from my grandparents and parents about the

importance of hard work, inspiration, and dedication to the wellbeing of our society.



ABSTRACT
Most studies examining predictors of treatment outcomes among problem drinkers have
used a traditional statistical approach that examines group outcomes (e.g. analysis of
variance, multiple regression analysis). Contrary to traditional methods, a person-
centered approach identifies commonalities among clusters of individuals and provides
the opportunity to examine the relationship between multiple individual differences and
outcomes in a longitudinal manner. Specifically, the person-centered approach makes it
possible to cluster individuals into subgroups based on their change patterns, and to
examine the relationship between those subgroups and other variables of interest (e.g.,
drinking problem severity). This approach allows the inclusion of a relatively large
number of variables to test complex hypotheses. The present study is a secondary data
analysis of early (first three-month) Timeline Followback (TLFB) post-treatment
drinking data from 200 problem drinkers who completed a short outpatient intervention.
Using a growth mixture modeling (GMM) analysis, the goal was to identify different
outcome drinking trajectories and examine the relationship between problem severity
levels, treatment modality (i.e. individual versus group format), and goal choice (i.e. low-
risk drinking versus abstinence) to those trajectories. Results demonstrated the existence
of different outcome subgroups among problem drinkers. In addition, problem severity
level was associated with outcomes and class membership. Observed significant
differences in the relationships between predictor variables and specific outcome
subgroups, and evidence of different drinking fluctuation patterns in the outcomes

suggest that using a person-centered approach adds value beyond traditional statistical



outcome analyses. The person-centered approach can facilitate the identification of

relevant variables for patient-treatment matching hypotheses for problem drinkers.



CHAPTER 1:
Statement of the Problem

Individuals with alcohol use disorders (AUD) can differ on many dimensions
including premorbid level of drinking, developmental trajectories, demographic
characteristics, manifestation of symptoms, level of functional impairment, and types of
high-risk drinking situations (i.e. Annis & Graham, 1995; Bucholz, Heath, Reich,
Hesselbrock, & et al., 1996; Fuzhong, Duncan, Duncan, & Hops, 2001; Monga et al.,
2007; Rindskopf, 2006; Schulenberg, O'Malley, Bachman, Wadsworth, & Johnston,
1996; Zucker, 1994). Taking account of these differences, studies have tried to identify
client characteristics that predict treatment outcomes using a variety of therapeutic
approaches, as no single treatment has proven effective with all alcohol abusers
(Donovan et al., 1994; Project Match Research Group, 1993).

Problem drinkers are a not severely dependent subgroup among individuals with
AUDs (Sobell & Sobell, 1993). Demographic variables, severity levels, number of
alcohol-related consequences, positive outcomes of low-risk drinking, and a good success
rate for brief interventions have been found to differentiate problem drinkers from more
severely dependent alcohol abusers (Graham, Annis, Brett, & Venesoen, 1996; Marques
& Formigoni, 2001; Sobell, Sobell, & Agrawal, in press). Problem drinkers have been
found to respond positively to Motivational Interviewing (MIl) and to Cognitive-
Behavioral Treatment (CBT) conducted in either an individual or group format (e.g.
Agosti, 1995; Graber & Miller, 1988; Graham et al., 1996; Heather et al., 2000; Marques
& Formigoni, 2001; Project Match Research Group, 1997; Sanchez-Craig, Annis, Bornet,

& MacDonald, 1984; Sobell et al., in press; Weiss, Jaffee, deMenil, & Cogley, 2004).



However, while the majority of problem drinkers demonstrate improvement after
treatment, some individuals do not respond well to treatment. Therefore, examining
client-treatment interactions might provide valuable information for creating client-
treatment hypotheses specific to problem drinkers.

In this study, data from a randomized controlled clinical trial that found no
outcome differences between problem drinkers who were assigned to individual or group
treatment using the Guided Self Change (GSC) model of treatment (Sobell et al., in press)
will be used to examine types of drinking patterns shown by clients shortly after
treatment, and the relationship of pretreatment characteristics to these patterns. The GSC
intervention consists of a brief, outpatient treatment using both motivational interviewing
and cognitive-behavioral techniques to aid in changing an individual’s drinking behavior.
The GSC model has been extensively evaluated and is an empirically-supported, cost-
effective treatment for problem drinkers (Sobell & Sobell, 2005).

Although several studies have examined the relationship of predictors to treatment
outcomes among problem drinkers over the past thirty years (e.g. Adamson & Sellman,
2001; Blume, Marlatt, & Schmaling, 2000; Booth, Dale, & Ansari, 1984; Booth, Dale,
Slade, & Dewey, 1992; Brown, Carrello, Vik, & Porter, 1998; Chang, McNamara, Orav,
& Wilkins-Haug, 2006; Cronkite & Moos, 1984; Donovan, Kivlahan, Kadden, & Hill,
2001; Edwards, Brown, Oppenheimer, Sheehan, Taylor, & Duckitt, 1988; Graber &
Miller, 1988), the relationship of pre-treatment drinking patterns to treatment outcomes
has been relatively unstudied. To some extent, such inquiries have been limited by the
use of traditional group-centered statistical methods (e.g. analysis of variance, regression

analysis). A person-centered approach is a new technique that examines individual



differences by using cluster, latent class, and latent transition analyses (Muthén &
Muthén, 2000). Due to the observed multidimensional dysfunction in alcohol abusers, it
cannot be expected that a single variable would account for a large proportion of the
variance in outcomes (Project Match Research Group, 1998). Therefore, a realistic
research objective would be to find subgroups defined by multiple variables and examine
their relationship to treatment outcomes. An important advantage of a person-centered
approach is in the analysis of a bimodal distribution (Witkiewitz, van der Maas, Hufford,
& Marlatt, 2007). For most treatment studies in the addiction field, the analysis of
outcome data involves groups of responders and non-responders, forming a bimodal
distribution. Since group approaches involve the assumption of normality, this type of
distribution is not the most optimal for traditional statistical methods (e.g. analysis of
variance, regression analysis).

Using traditional statistical methods, researchers have largely failed to find
significant results for client-treatment interactions in alcohol studies (Project Match
Research Group, 1993, 1997). With regard to problem drinkers, many potentially
important matching variables have been relatively unexamined. Regarding treatment
format (individual versus group modality), very few controlled studies have compared
efficacy levels of treatment formats in problem drinkers (Weiss et al., 2004). These
studies that have been conducted have found no significant differences between formats.
Another important variable in the problem drinker literature is goal-choice, as many
problem drinkers will seek to reduce rather than stop their drinking (Sobell & Sobell,

1995). Such factors can be included in a person-centered analytic data approach.



Surprisingly, a limited number of studies have examined the nature of individuals’
specific pretreatment drinking patterns as predictors of outcomes, even though
consumption is the cardinal symptom of alcohol use disorders. Sobell, Sobell, and Gavin
(1995) argued for examining alcohol variables other than summary measures (e.g.
percentage of drinking days) since this type of measurement does not consider drinking
pattern fluctuations. Information gathered by studying such relationships may suggest
client-treatment matching hypotheses for future studies (Project Match Research Group,
1993; Sobell & Sobell, 1999). Some studies have used percentage of drinking days and
the number of drinks per drinking days to reliably classify individuals based on their
drinking patterns after treatment (Witkiewitz, 2008; Witkiewitz & Masyn, 2008;
Witkiewitz et al., 2007).

The current study uses person-centered analyses to classify a set of outcome
trajectories based on drinking patterns after treatment and to examine the relationship of
alcohol-related consequences, pretreatment drinking patterns, goal choice and treatment
format to those outcomes. It should be cautioned that the post-treatment interval analyzed
was limited to 90 days for these analyses, and thus any clusters identified should be
considered as not necessarily representing stable outcomes. It is hypothesized that
meaningful classes will be obtained from the post-treatment drinking trajectories, and that
alcohol-related consequences, pre-morbid drinking patterns, goal choice, and treatment

modality will be associated with treatment outcomes.



CHAPTER Il
Review of the Literature
Overview of Person-Centered Statistical Methods

Over the past 20 years, some researchers in the alcohol field have began using
advanced longitudinal statistical techniques to analyze trajectory patterns in the drinking
of alcohol abusers (i.e. Bucholz et al., 1996; Fuzhong et al., 2001; Monga et al., 2007,
Rindskopf, 2006; Zucker, 1994). New methodologies have been developed to examine
the dynamic relationship between variables predicting outcomes as a function of time and
covariates (Witkiewitz & Masyn, 2008). These techniques allow for the creation of a
number of classes based on both cross-sectional and longitudinal information. Therefore,
the use of a person-centered approach for data analysis can highlight differences within
and between effects of important variables in identified outcome subgroups.
Latent Class Analysis and Latent Profile Analysis

The objective of latent class (LCA) and latent profile analyses (LPA) is to
discover a small number of unobserved classes that best articulate the association
between categorical and continuously observed variables (McCutcheon, 1987; Muthén &
Muthén, 2000). Since a latent variable accounts for the relationship between observed
variables, both models can be compared to factor analysis. However, in LCA and LPA,
the residuals are assumed to be uncorrelated and the assumption of independence of the
observed variables is more likely to hold true. Latent class analysis is used when the
observed variables are categorical, whereas LPA is used when the variables are
continuous. The aim of the LCA and LPA is to find clusters of individuals who share

similarities among a number of observed, concentrated variables. Both models assist in



the detection of a set of variables that describe the probability of inclusion of any
individual into an unobserved category. For example, the observed variables can be
presence or absence of a number of alcohol-related consequences, and the latent
(unobserved) classes may describe different patterns of these consequences.

In LCA and LPA, the parameters of the model are the probabilities of
membership in categories and of satisfying class membership criteria. Individuals are
assigned to the different latent classes based on their posterior probabilities for class
membership, according to the selected standards. The probability of a particular
individual belonging to a class is determined solely by the data and that the necessary
number of classes results in conditional independence among the observed outcomes
(Muthén, 2002). Dependence among the variables exists within each class as LCA and
LPA allow the grouping of individuals into different clusters according to the observed
indicators included in the analysis. Then, the process estimates the probability that a
particular individual is a member of a specific class. In finding the appropriate number of
classes, the analysis adds classes stepwise until the model has the best fit to the data
(Muthén & Muthén, 2000).

Figure 2.1 describes LCA. Figure 2.1a shows a corresponding model diagram for
Figure 2.1b. The square boxes in Figure 2.1a represent the indicators, which are the
observed variables and the circle represents the categorical latent va&riaiile four
categories. The LCA has the following two key elements: (a) the influenCet@fthe
indicators and (b) the prevalence for the four classes. Figure 2.1b displays the probability
of individuals in that class endorsing the indicator. The graph shows four latent classes

that are homogeneous, yet different across classes according to the four indicators. That



is, individuals across classes differ in their probability of endorsing the different

indicators.

@ (b)

1 &
Uy U Us Us 09 \/.\
0.8
0.7
0.6
0.5 1
0.4
0.3
0.2
0.1 4

Indicators Probability

ul u2 u3 ud
Indicators

—&—Class 1 Class 2
Class 3 Class 4

Figure 2.1

Path Diagram and Graph for a Latent class analysis (LCA)

Latent Class Growth Analysis

Latent class growth analysis (LCGA) is a group-based trajectory model. LCGA
uses a single outcome variable measured across several time points to describe a number
of latent class models, where there is correspondence to different growth curve shapes for
the outcome variable (Muthén & Muthén, 2000). The goal is to find the probability of
class membership, as well as the different growth curve shapes. Individuals belong to
different classes characterized by different trajectory types, where one can exhibit two
classes, in which the shapes of change differ among the classes. For example, one may
have a linear shape while the other may have a quadratic shape. While the groups will

differ in their trajectory, the model assumes no further variation within the group (Kreuter
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& Muthén, Draft). As seen in Figure 2.2a, this suggests that the categories are completely
independent of one another; therefore, no relationship is assumed among the categories
(Muthén, 2001a). Figure 2.3a shows the path diagram for a LCGA with quadratic growth
function, where the growth parameters, the intercept fagtpr the linear slope factor

(B1), and the quadratic slope fact@p)(vary across categories (Kreuter & Muthén, Draft).

The observed variables that account for the time points for the outcome variable are
represented by ul-u4. Notice that there are no residual errors in the growth parameters,
which suggest that individuals within eaChclass are treated as identical in relation to
their trajectory. Variations are seen across each class with respect to the set of intercept
and slopes among classes. Figure 2.3b represents how the classes differ among the three
growth parameters (intercept and slope). Differences across the classes within the

parameters result in different trajectories for the outcome variable.
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(a) (b)

L

Figure 2.2

Differences among the Latent Class Growth Model (LCGA) and General Mixture Model

(GMM) Categories

Note: As Figure 2.2a represents, the LCAG categories are independent of each other. The actual variation
in the growth factors is represented by discrete points, therefore, no distribution is assumed. In contrast, the
GMM allows the categories to have some variation or random effects within the classes. Thus, categories in
the GMM are allowed to correlate.
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Figure 2.3

Path Diagram and Graph for a Latent Class Growth Model (LCGA)

Growth Mixture Modeling

Growth mixture modeling (GMM) is employed when the research provides a
theoretical basis for how different antecedents and consequences affect individuals’
outcomes. The model analyzes longitudinal data by relating an observed outcome
variable to time or time-related variables (e.g., age) and capturing individual variations
on a number of continuous latent variables (Muthén & Muthén, 2000). Growth mixture
modeling is based on the conventional growth curve modeling technique where a growth
curve is estimated for the population and individual differences are obtained through the
variability of the growth factors (intercept and the different slopes types). Individual
variations on the outcome variable at the different time points are captured by random
coefficients or random effects, which are the continuous latent variables or growth factors

(intercept and slopes) that vary across individuals. Random effects capture the individual
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differences over time in an heterogeneous sample by using the Laird and Ware (1982)
type of model. These differences can be observed by different start rates (intercept) and
growth rates (slope). Therefore, the random coefficients let the intercept and slope vary
across individuals.

In the conventional growth model, it is assumed that the covariates have the same
influence on the growth factors. However, this assumption may not apply to alcohol and
substance abuse research (Li, Duncan, & Hops, 2001) since this group usually represents
a heterogeneous population where the covariates affect the various subpopulations in
different manners. Therefore, GMM may be a more realistic statistical approach to data
analysis because it allows the covariates to influence the growth factors in different ways.

Growth Mixture Modeling combines features of conventional growth modeling
and LCGA (Muthén & Muthén, 2000). While conventional growth modeling estimates
the growth factor variances for a homogeneous population, GMM considers a
heterogeneous population by capturing a mixture of distinct subgroups, which have been
defined by a prototypical growth curve (Wiesner & Windle, 2004). Like in LCGA, GMM
projects a mean curve for each class. However, unlike LCGA, the individuals’ variations
are captured by the latent class, which is represented by random effects and are set to be
correlated in GMM. This approach captures the variation of the mean growth curves of
each class, as well as the individual variation of the growth curves by estimating the
growth factor variances (Muthén, 2001b; Muthén & Muthén, 2000). Figure 2.4a shows a
path diagram for a GMM with a quadratic growth function (Kreuter & Muthén, Draft).
The growth parameters, the intercept facfy),(the linear slope facto{), and the

guadratic slope factoB{), vary by classe€ with random effects on the intercept, linear
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slope, and quadratic slope within classes, which are represented by the small arrowheads.
In the GMM model, all the growth factor variances are not set at zero, but can vary
within class. If the growth factors are set to zero, a GMM model provides the same
results as an LCGA. With GMM, researchers are able to examine how individuals with
certain characteristics respond differently to the effects of a specific treatment modality
by analyzing the latent trajectory class for the repeated measures as in LCGA. However,
with GMM a more parsimonious model is obtained yielding fewer categories due to the
assumption that within the same class individual variability exists (see Figure 2.2). These
class disparities or residual errors are assumed to be normally distributed. As in the
LCGA, Figure 2.4b represents how the classes differ among the three growth parameters
(intercept and slope). Distinctions across the classes within the parameters result in

different trajectories for the outcome variable.
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Figure 2. 4

Path Diagram and Graph for a Growth Mixture Model (GMM)
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Growth Mixture Models allow researchers to understand how certain trait-like
characteristics affect individuals’ change across time by categorizing them according to
similar characteristics. For example, there are a number of alcohol-related triggers that
affect alcohol abusers’ abilities to resist urges to drink. Generally, individuals differ in
what stimuli prompt their drinking and to what extent this happens. It may be the case
that the type of triggers manifested by each individual significantly affects their treatment
outcomes and how they change over time.

General Growth Mixture Modeling

General growth mixture modeling (GGMM) involves models that incorporate the
GMM covariates, distal outcomes or sequential processes, among other factors (Muthén
& Muthén, 2000). Since this method involves the characteristics of all the prior models,
Table 2.1 summarizes the similarities and differences (Muthén, 2001a). In GGMM,
researchers potentially include categorical as well as continuous observed variables to
define the latent class. As with GMM, class variances are allowed. One can estimate
growth curve shapes from longitudinal data, where the different class growth curve
shapes are not only influenced by the variables used to predict the classes, but also by

other relevant variables.
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Table 2.1

Summary of Techniques Using Latent Classes

Outcome/Indicator Number of
Class Scale Time Points Within Class Variation
LCA Categorical (u) Single No
LPA Continuous (y) Single No
LCGA Categorical (u) Multiple No
GMM Continuous (y) Multiple Yes
GGMM Categorical (u)/ Multiple Yes

Continuous (y)

Note: LCA — latent class analysis, LPA — latent profile analysis, LCGA — latent class
growth analysis, GMM — growth mixture modeling, GGMM — general growth mixture
modeling.

General Growth Mixture Modeling has different beneficial applications (Muthén,
2002). Allowing for heterogeneity analysis in the population and assumption of
individual growth curves, this model identifies a mixture of subpopulations with varying
fixed effects. Group level characteristics, random effects, and individual variation are
estimated (Fuzhong et al., 2001). Growth General Mixture Models also allow for the
influence of time-variant and time—invariant covariates in growth trajectory analyses. The
model examines the impact of covariates on the probability of group membership
(Muthén, 2002). For instance, an investigator may be interested in examining how latent
classes found before treatment can relate to outcome trajectories of classes based on
treatment modality. Another type of analysis consists of using the latent trajectory classes

as predictors of distal outcomes in the form of binamariables, such as exploring the
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predictive power of drinking pattern class trajectories on a distal outcome like alcohol
dependence. In a third application, covariates can be used as either time-variant or time-
invariant (Muthén, 2002). While the former covariates have an effect on the outcomes,
the latter covariates have an effect on the classes. Figure 2.5a represents a GGMM model
that includes a covariat®)( a latent class variable)( and repeated continuous outcomes

(y). Here, the covariate influencesc and has a direct effect on the growth facfiar$,

and B,. In the prediction of the latent class variable by the covariate, the probability of
inclusion in either class changes as a result of the covariate. As illustrated in Figure 2.5b,
the odds of inclusion in a class are different based on gender. The covariate may also
have an effect on the growth factors (intercept and shape of the slope) that can change as
a result of the covariate. As shown in Figure 2.5b, for instance, the intercept and slopes

for each of the classes change when males and females are separated.
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Figure 2.5

Path Diagram and Graph for a General Growth Mixture Model (GGMM) with a

Covariate

A different GGMM model is the sequential GMM, where more than one growth
mixture model is estimated and the latent classes of the second model are related to the
latent classes of the first process (see Figure 2.6). For each process, three growth factors
are used corresponding to the intercgg),(linear 31) and quadratic slopg£). Each of
the growth factors is influenced by a latent class variable specific to the process, so that
the means of the growth factors change over classes (Muthén, 2001a). It is a type of latent

transition analysis (LTA), which is particularly suited to modeling change in group
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membership over time (Muthén & Muthén, 1998-2007). In these models, transition
probabilities describe the prospect of transitioning from a given class to another in the
next process. For example, a researcher may want to determine whether a population of
individuals, who were classified in two classes, heavy drinkers and moderate drinkers,
tend to use more or less drugs according to another GMM (see Figure 2.6). The aim is to

understand how members of one class transition to the next class.

Figure 2.6

A Sequential Process GMM for Continuous Outcomes with Two Categorical Latent

Variables

Growth General Mixture Models provide researchers with the opportunity to
analyze not only the effect that classes have on change patterns, but also how certain
time-invariant variables affect the trajectories of the classes. Given the heterogeneous

characteristic of alcohol abusers, adding covariates to the models is essential to improve
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the fit of the model. Covariates are essential because they can significantly alter the
number of classes formed, the probability of an individual being included in a specific
class, and the criteria used to create each class. Therefore, GGMM allows the testing of
models that investigate more complex relationships among variables, thus providing a
more appropriate statistical approach meeting the multifaceted demands of substance
abuse research.
Applying Person-Centered Methods to Alcohol Abusers

Witkiewitz, in conjunction with other colleagues, conducted secondary data
analyses on alcohol abusers undergoing outpatient treatment (Witkiewitz & Masyn, 2008;
Witkiewitz et al., 2007). These three studies discovered three different post-treatment
drinking trajectories: infrequent moderate, prolapsed, and frequent heavy drinkers. These
series of studies demonstrated the possibility of finding distinct classes among alcohol
treatment outcomes based on longitudinal data. Additionally, Witkiewitz's work on
secondary data analyses has demonstrated the value of identifying classes and variables
that predict treatment success among the classes (Witkiewitz & Masyn, 2008; Witkiewitz
et al., 2007). Witkiewitz (2008) found that better coping over time was related to less
frequent drinking. Also, individuals with higher severity scores were more likely to be
classified as the heaviest, most frequent drinkers and had the worst outcome. With this
type of statistical analysis, Witkiewitz et al. (2007, 2008) provided evidence and support
for some of the original Project MATCH (matching alcoholism treatment to client
heterogeneity) hypotheses (Project Match Research Group, 1998). Individuals with low
self-efficacy who received cognitive-behavioral treatment performed better than

individuals who also had low-efficacy and received motivational interviewing
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(Witkiewitz et al., 2007). Also, clients with social networks supportive of drinking had
better outcomes when they were assigned to the twelve step program (Wu & Witkiewitz,
2008).
Guided Self-Change Treatment Model: Individual and Group Settings

Guided Self Change (GSC) is a brief, outpatient treatment that uses both
motivational interviewing and cognitive-behavioral techniques to facilitate change in
individuals’ addictive behaviors (Sobell & Sobell, 1993; Sobell & Sobell, 2005). The
GSC model has been extensively evaluated and found to be an empirically supported,
cost-effective treatment for problem drinkers. Guided Self Change uses Motivational
Interviewing (MI) techniques to enhance internalized motivated change in individuals
with an alcohol problem (Miller & Rollnick, 2002). The use of personalized feedback is
an important component of MI, in which clients are presented with personalized
information about their drinking levels, national norms, and health risks to increase
motivation to change. Self-monitoring logs are used in GSC both for data collection, and
to provide clients with feedback about their changes. Another feature of GSC is based on
Bandura’s cognitive social learning theory which suggests that people will be more
committed to self-created rather than assigned goals (Bandura, 1986). Because research
demonstrated that alcohol abusers will select their own treatment goal, regardless of
therapist instruction (Sobell & Sobell, 1995), GSC allows clients to choose their
treatment goal, be it abstinence or low-risk drinking. Clients are provided advice about
risks and limits, and they are informed of any contraindications to drinking. Through
homework, clients perform a functional analysis of their drinking by identifying high-risk

situations and the consequences of drinking in those situations. Clients also develop their
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own treatment plans by generating options and action plans for changing their drinking.
Finally, GSC also involves a cognitive component of relapse prevention to offer clients a
realistic perspective on change and tools for managing and conceptualizing possible
setbacks in their recovery process.

Several studies have found that GSC delivered as an individual format is
associated with outcomes comparable to other brief treatment interventions, yielding
about a 50% reduction in alcohol consumption after 1 year of treatment (Sanchez-Craig,
Neumann, Souzaformigoni, & Rieck, 1991; Sanchez-Craig, Spivak, & Davila, 1991;
Sobell & Sobell, 1995). Only one study has examined the efficacy of the GSC model in a
group format (Sobell et al., in press). The results of that study, which serves as the
database for the secondary data analyses reported here, found no significant outcome
differences between individual and group treatment; however, the group format resulted
in a cost savings of 41% compared to individual treatment.

The few other studies that have compared individual and group formats using Ml
or CBT in alcohol abusers have similarly found that both delivery methods are effective
in reducing alcohol use (Duckert, Amundsen, & Johnsen, 1992; Graham et al., 1996;
Marques & Formigoni, 2001; Weiss et al., 2004). However, some differences in non-
drinking outcome variables have been found. For example, Graham et al. (1996) found
that compared to individual treatment, clients who were assigned to a relapse prevention
group as an aftercare had better levels of psychosocial functioning.

In summary, the GSC dataset available for the present analyses provides a unique
opportunity to investigate the nature of GSC treatment outcomes in problem drinkers, and

to identify variables associated with different types of outcomes. The latter relationships
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could suggest client-treatment matching hypotheses for future studies and could perhaps
identify clients for whom GSC treatment is particularly well suitable.
Predictors of Treatment Outcomes

The identification of variables associated with good and with poor outcomes is
important for suggesting client-treatment matching strategies. Although studies
investigating the relationship of pretreatment and within-treatment factors to outcomes do
not provide evidence of causality, they can provide a basis for predicting outcomes and
also can stimulate thinking about mechanisms of change (i.e., what might explain the
relationship of a particular factor to a good outcome?). The following various factors will
be examined as predictors in the present study.
Drinking Patterns of Alcohol Use

Alcohol consumption is a primary domain of dependent variables in the
assessment of alcohol treatment outcomes (Allen, Litten, & Anton, 1992). Several
methods have been used to quantify drinking, including retrospective quantity-frequency
guestionnaires, self-monitoring, calendar-based timeline reconstruction, and retrospective
grids representing a typical period (Miller & Del Boca, 1994). Most outcome studies
have aggregated alcohol consumption variables into categories (e.g., drinks per day,
number of days abstinent, number of drinking days per week) that exclude between- and
within- individual variation. These variables usually summarize individuals’ alcohol
consumption over a specific time period. An instrument that allows the examination of
patterns over time is the Timeline Followback (TLFB), a calendar-based retrospective
method to assess daily alcohol consumption that yields a variety of outcome variables

(e.g., daily drinking total, monthly drinking total, number of days on which drinking
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occurred, number of drinks per drinking day, maximum number of drinks in 1-day,
maximum number of continuous abstinent days; Sobell & Sobell, 1992). Although TLFB
assessment data could be useful for identifying drinking patterns and change in patterns,
most studies aggregate the longitudinal data and do not examine change over time. The
TLFB’s unique ability to generate information regarding the change process of alcohol
abusers over time is important because alcohol abusers display a high level of drinking
pattern fluctuation (Sobell & Sobell, 2002).

Drinking patterns have been classified using a host of different methodologies and
operationalizations of categories. The inconsistencies across studies make it very difficult
to compare investigations. In the literature, drinking patterns are often divided into
categories such as “light,” “heavy,” and “excessive,” with the operationalization of the
definitions shifting across studies (Sobell & Sobell, 1982). For example, Cahalan (1987)
confusingly classified “heavy” drinkers as those who drank two-three times a month with
five or more drinks nearly every time or more than half the time or those who regularly
drank three or more drinks a day. In contrast, other authors such as Fear and colleagues
(2007) used psychometrically proven measures such as the Alcohol Use Disorder
Identification Test (AUDIT) to classify individuals as heavy drinkers.

The terms binge, periodic, and bout drinking have also been used to classify
drinking patterns, again with variations across populations and studies. In nonclinical
samples, binge drinkers are considered to be those who drink at least five (for men) and
four (for women) drinks in a day at least once in two weeks (Wechsler, Lee, Kuo, & Lee,
2000). However, this definition has little value in clinical populations since these

individuals often consume five or more drinks in a day (Kahler, Epstein, & McCrady,
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1995). Therefore, investigators, such as Connors, Tarbox, and McLaughlin (1986),
classified bout drinkers as those who drank for several days, weeks, or months, separated
by periods of abstinence. Still, others suggest that it is more effective to classify
individuals as binge drinkers by estimating their blood alcohol concentration (BAC),
since there are a number of personal aspects (e.g., gender, weight, & height) that
determine the amount a person needs to drink to reach intoxication (Perkins, Linkenbach,
& Dejong, 2001). Similarly, Schuckit (1998) has advocated using other variables, such as
levels of intoxication, time intoxicated, and functional impairment to define binge
drinkers.

Steady drinking is another term that has been used in the literature to classify
alcohol abusers with fluctuations across authors and studies. Some researchers classify
steady drinkers as those who drink approximately 5 times per week (Corrigan & Butler,
1991). In contrast, Marlatt and Miller (1984) defined steady drinking as drinking heavily
at least once per week, focusing on the importance of drinking the same amount each
occasion separated by periods of abstinence.

Historically, there has been huge variability in the way drinking patterns have
been defined. Timeline Followback data have been used in two different studies to
empirically identify four drinking categories in two different samples: binge, episodic,
sporadic, and steady (Epstein, Kahler, McCrady, Lewis, et al., 1995; Epstein, Labouvie,
McCrady, Swingle, & Wern, 2004). These categories were based on percentage of total
drinking days and abstinent days, and specific clustering of light, moderate, and heavy
drinking days using the TLFB. This type of classification involved a complex analysis

that combined number of drinks per day with patterns of use over time. Although
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including temporal variation, this method still provides a categorical rather than a
continuous approach for the classification of alcohol abusers. Categorical approaches
provide less information (i.e., everyone within categories is treated alike) than continuous
approaches where individuals are considered by the extent to which they have same
characteristics. An alternative approach providing reliable classes for post-treatment data
involves a person-centered statistical approach for data analysis (Witkiewitz, 2008;
Witkiewitz & Masyn, 2008; Witkiewitz et al., 2007). As mentioned earlier, in three
studies using a person-centered approach, the same three drinking trajectories were
obtained with post-treatment longitudinal data: infrequent moderate, prolapsed, and
frequent heavy drinkers. Trajectory pattern findings for alcohol abusers based on pre-
treatment TLFB data have not been conducted using a person-centered statistical
approach.
Problem Severity Levels

Severity of AUD involves not only the amount of consumption, but also the
impact the use has on the individual’s life. Several studies have documented that problem
severity is related to treatment outcomes (Akerlind et al., 1988; Hesselbrock et al., 1987;
John et al., 2003; Shaw et al., 1990). The negative consequences of alcohol abuse can
have a substantial impact on emotions, occupation, legal matters, financial situation,
psychological wellbeing, and interpersonal relationships.

As is typical of most health problems, studies have found that heavier alcohol use
and more psychological and social alcohol-related problems are associated with a lower
likelihood of improvement after treatment (e.g., Armor & Meshkoff, 1983; Carroll et al.,

1993; Hesselbrock et al., 1987; John et al., 2003; Moos & Moos, 2006; Moos et al., 2001;
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Moos et al., 2002; Shaw et al., 1990). Some of the severity indicators that have been
examined are length of the problem, frequency and quantity of alcohol use, history of
alcohol treatment, and the abuse of other substances (Booth et al., 1991; Moos et al.,
2001; Pettinati et al., 1999; Phibbs et al., 1997). Other studies have found that individuals
with more alcohol dependence symptoms are more likely to show a rapid fluctuation in
their drinking patterns (Babor et al., 1987; Witkiewitz, 2008). With regard to
psychosocial functioning, lack of social support, legal history, aggressive behaviors, and
emotional and interpersonal difficulties have all been related to relapse (Akerlind et al.,
1988; Gordon & Zrull, 1991; John et al., 2003; Marlatt & Gordon, 1985; Moos et al.,
2001).

Even though the research strongly suggests an inverse relationship between
problem severity and outcomes, the majority of studies have been done using severely
dependent alcohol populations. Only two studies have involved problem drinkers as part
of their sample (Hesselbrock et al., 1987; Witkiewitz, 2008). Thus, the relationship of
problem severity to outcomes with the restricted range of severity associated with
problem drinkers is relatively unexplored.

Finally, no longitudinal studies were found examining the relationship of negative
consequences to drinking pattern changes. It is not known whether specific alcohol-
related consequences predispose individuals either to follow a stable pattern of change or
to display major fluctuations in their drinking patterns.

Goal Choice
The primary goal for problem drinkers in alcohol abuse treatment is to achieve

either abstinence or low-risk levels of alcohol consumption within recommended
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guidelines. In some studies, the goal is set by the treatment program (e.g., Project
MATCH 1993), but as already stated, the evidence demonstrated that, ultimately, the goal
is chosen by the client (Sobell & Sobell, 1995). The National Epidemiologic Service on

Alcohol and Related Conditions (Dawson, Grant, Stinson, Chou, Huang, & Ruan, 2005)
found that over the long run low-risk drinking recoveries are about as common as

abstinence recoveries even for individuals who previously met alcohol dependence
criteria.

Only a few studies have investigated how individuals who choose low-risk
drinking versus abstinence goals differ at baseline with pre-morbid levels of alcohol use
and severity levels having received the most attention. Individuals who choose
moderation as their drinking goal tend to have a primary diagnosis of mild to moderate
alcohol dependence, whereas individuals who tend to choose abstinence are more likely
to have a more severe alcohol dependence diagnosis (Adamson & Sellman, 2001; Sobell
& Sobell, 1995). Those with a goal of moderation also tend to have had a drinking
problem for a shorter period of time than those who opt for abstinence (Pachman, Foy, &
Van Erd, 1978).

Psychological and social stability have also been found to be associated with the
choice of abstinence or a low-risk drinking goal. Individuals with employment and
occupational stability tend to choose a low-risk drinking goal (Heather & Robertson,
1981; Rosenberg, 1993). Similarly, Nordstrom and Berglund (1987) discovered in an
inpatient Swedish sample that greater baseline social stability was more frequent among

those who chose moderation versus abstinence. Regarding psychological functioning, a
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study found that low-risk drinkers have a greater sense of well-being than abstainers
(Adamson & Sellman, 2001; Heather & Robertson, 1981).

Demographic variables such as gender, age, and education have also been found
to be related to goal choice. Adamson and Sellman (2001) found that more educated
individuals were more likely to choose a moderation goal. Individuals who choose
moderation also tend to be younger than those who choose abstinence (Booth et al., 1984;
Heather & Robertson, 1981; Polich et al., 1981). Considering gender, several studies
have found that a greater proportion of women than men select a moderation goal
(Edwards et al., 1988; Foy, Nunn, & Rychtarik, 1984).

Concerning outcomes associated with goal choice, most studies have found no
differences in outcomes between individuals who choose abstinence versus moderation
(Booth et al., 1984; Booth et al., 1992; Ojehagen & Berglund, 1989; Orford,
Oppenheimer, & Edwards, 1976; Sanchez-Craig et al., 1984). Only one study found
selecting a moderation goal to be associated with better outcomes after treatment
(Pachman et al., 1978). Not surprisingly, in two studies, individuals who chose
abstinence goals had a higher rate of abstinent days at outcome than those who chose a
low-risk drinking goal (Foy et al., 1984; Hodgins, Leigh, Milne, & Gerrish, 1997). In

both cases, the participants had high severity pre-morbid levels of alcohol problems.
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CHAPTER I
Method
Participants

Participants were part of a randomized controlled trial that involved individuals
with either a primary alcohol problenm € 231) or a primary drug problemn(= 56;

Sobell et al., in press). They had voluntarily entered outpatient treatment at the GSC Unit
of the Addiction Research Foundation (ARF) in Toronto, Canada. Treatment was
provided at no cost. Only participants with a primary alcohol problem were included in
the present secondary analysis  231). The present secondary data analysis was
approved by the Nova Southeastern University Institutional Review Board (IRB), and the
clinical study was approved by the University of Toronto/Addiction Research Foundation
IRB.

Eligibility criteria for the study included the following (Sobell et al., in press): (a)
volunteered (via a signed informed consent form) to participate in a brief treatment
intervention; (b) were 18 years of age or older; (c) had not been mandated to treatment
(e.g., employer, courts); (d) had no evidence of organic brain damage as determined by
age-adjusted scores on the Trail Making Test and Digit Symbol subscale of the WAIS
(Wilkinson & Carlen, 1980); (e) had adequate reading abilities as indicated by the Wide
Range Achievement Test (Jastak & Jastak, 1965); (f) were not currently in psychiatric or
psychological treatment; (g) were living in stable housing; and (h) agreed to be available
for a 12-month post-treatment follow up.

Since the GSC treatment was designed for individuals with a mild to moderate

severity level of substance use disorders, criteria were also used to exclude individuals
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with a history of severe dependence (Sobell et al., in press): (a) history of major alcohol
withdrawal symptoms (e.g., hallucinations, seizures, delirium tremens) by self-report or
medical history; (b) a score af 25 on the Alcohol Dependence Scale (Skinner & Allen,
1982); (c) on average, drarkl2 standard drinks (1 standard drink = 13.6 g absolute
ethanol) ore 5 days per week during the year prior to treatment (M. B. Sobell, Sobell, &
Leo, 2000); (d) a score of >15 on the Drug Abuse Screening Test-20 (Skinner, 1982); (e)
intravenous (IV) drug use because IV drug abusers typically have more serious drug
problems (Gavin, Ross, & Skinner, 1989; Skinner, 1982); or (f) primary drug problem
was heroin.

Because GMM does not allow for missing data, only data from the 200
participants who completed the first 6-month TLFB follow-up were included in the
analysis. Since there were data collected for 231 total participants with a primary alcohol
problem, statistical comparisons were performed comparing those with full 6-month
TLFB data to those without TLFB data. A Bonferroni adjustment was used to maintain
the family wise error rate at a .05 level. Independ¢ests were conducted for
continuous variables aneszore tests for the dichotomous variables. This allows for
evaluation of demographics and alcohol history differences for participants who
completed and for those who did not complete the first 6-month TLFB follow-up (see
Table 3.1). The Levene’s test for equality of variance was shown to be significant for one
variable, years of education; therefore, adjustment on the t-statistic was performed for

this variable. No significant differences were found for any of the variables tested.
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Pretreatment Characteristics
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Variable

Participants who  Participants who did T?or

completed 6-month not complete 6-month  Z°

TLFB follow-up TLFB follow-up
(n =200) (n=31)
Mean SD) age (yrs) 43.16 (11.16) 39.90 (11.29) 151
Mean SD) education (yrs) 14.52 (2.56) 13.94 (2.74) 131
Full-time or self-employed (%) 73.5% 54.8% 1.92
Male (%) 67.5% 64.5% 0.12
Married (or common-law) (%) 57.0% 48.4% 0.76
Mean of D) % of days use any 70.18 (27.67) 64.52 (29.50) 1705
alcohol
Mean SD) of standard drinks per day 6.65 (3.44) 7.45 (4.01) 81.22
Mean SD) alcohol arrests 0.56 (1.18) 0.45 (0.77) 0.347
Mean SD) alcohol hospitalizations 0.16 (0.76) 0.10 (0.30) 0.46
Goal choice — low-risk drinking (%) 73.50% 91.7% 1.89
Individual Treatment (%) 50.0% 61.3% 0.98

Note There were no statistically significant differences between participants who

completed and who did not complete the first 6-month TLFB follow-up.

*T = two-tailed independent samphests”Z = two-tailed independent samplsaores.

‘h=12.

*p < .001, alpha level adjusted for multiple tests.
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Procedure

As described in Sobell et al. (in press), following the screening and initial
assessment participants were randomly assigned to one of the two treatment modalities
(individual or group). During the first contact, clients completed a battery of forms and
guestionnaires related to demographics and alcohol-related history variables. Alcohol
clients, for whom there were no medical contraindications, were also asked to complete a
goal statement form (i.e., abstinence or low-risk drinking).

Participants that were randomized to the individual format received treatment
from a single therapist, while every group had two therapists (Sobell at el., in press). Both
conditions consisted of an assessment and four sessions. Individual treatment sessions
were 60 minutes, while group sessions were 90 to 120 minutes. Group size ranged from 4
to 8 clients (no new members were allowed after Session 1).

After the fourth GSC session, follow-up interviews were scheduled at 6 and 12
months post treatment (Sobell et al., in press). Research assistants, who were blind to
participants’ treatment conditions, conducted the follow-up interviews. Participants
interviewed at the ARF were paid $25.00 for their follow-up participation. With the
clients’ permission, collaterals (e.g., relatives, friends) were interviewed by phone at 6-
and 12-months post-treatment to corroborate clients’ self-reports of substance use and
consequences. Collaterals also provided reports about negative consequences related to

clients’ substance use.
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Baseline and Outcome Measures
Assessment Questionnaire

A semi-structured clinical interview was used to collect demographic information
(e.g., education, gender, age), substance abuse history (e.g., years of problem,
hospitalizations, number of arrests), as well as alcohol-related consequences. Individuals
indicated if they had experienced negative consequences as a result of drinking in the
year prior to treatment in the following areas: health, cognitive impairment, affective
impairment, interpersonal, vocational, legal, financial problems, and aggression.

Timeline Followback (TLFB)

The TLFB employs a retrospective, self-report calendar format and memory
prompts to aid in a subject’s day-to-day recall of a targeted behavior over a specified time
window (i.e., weeks, months; Agrawal, Sobell, & Sobell, 2007; Sobell & Sobell, 1992).
The TLFB is one of the most psychometrically sound instruments currently available for
retrospectively assessing daily drinking (Agrawal et al., 2007). In this study, the TLFB
was used to collect drinking data for 12-month pretreatment and the 6- and 12-month
follow-ups (Sobell et al., in press). Little was known about the representativeness (i.e.,
stability) of different TLFB time windows until a recent study using assessment data
from 825 problem drinkers found that a 3-month interval (i.e., the 3 months prior to
treatment entry) provided a satisfactory representation of pretreatment annual drinking
for a sample of problem drinkers (Vakili, Sobell, Sobell, Simco, & Agrawal, 2008). The
pretreatment data for the three months prior to entering treatment were used in the present
analyses. However, research on the adequacy of time windows using the TLFB for

follow-up has not been reported. For the analyses constituting the present study, TLFB
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data for the first three months of follow-up were used in order to achieve a manageable
size data set. It should be cautioned that early follow-up data, such as used here, may
have less stability than longer term follow-up. Given the current state of research, it
would be inappropriate to interpret the present findings as representing long-term
outcomes.
Goal Statement

The Goal Statement form prompted participants to specify their drinking goal for
the next 6 months (Sobell et al., in press). In particular, the first question asked whether
the individual intended to abstain or engage in low-risk drinking (Sobell & Sobell, 1993).
Those who chose the latter, then, answered several questions concerning the specific
drinking limits in terms of average number of drinks per drinking day, maximum number
of drinks per occasion, maximum number of days per month of drinking at the upper
limit, the maximum number of drinking days per week, and the conditions under which
drinking would (low-risk) and would not (high-risk) occur. All subjects who chose a low-
risk goal were informed about low-risk drinking guidelines and those with medical
contraindications to drinking were strongly advised to choose an abstinence goal.

Guided Self Change Treatment Components

The major treatment components involved the following: (a) the use of a Ml style
throughout treatment to increase and maintain clients’ commitment to change; (b)
personalized feedback to clients regarding their assessment results (e.g., extent of use,
health risks); (c) decisional balancing to evaluate and consolidate motivation to change;
(d) treatment goal choice by clients with advice about contraindications and low-risk

drinking guidelines; (e) the use of self-monitoring logs within-treatment; (f) homework
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assignments to help clients identify high-risk situations and then, develop options and
action plans for those situations; and (g) cognitive relapse prevention techniques (Sobell
et al., in press).
Group Treatment Procedure

Regardless of their treatment condition, all clients were treated using the same
GSC procedure and assignments (Sobell et al., in press). The content of groups differed
from individual in that the format of the interaction between group members occurred in
a round robin discussion manner. Feedback and advice came mainly from the group
members rather than the therapist, consistent with group processes (Dies, 1994; Yalom &
Leszcz, 2005). Another difference between the individual and group treatment format
was that group members did not receive as much time to discuss their homework and
concerns as those assigned to the individual treatment. If a client missed a group meeting,
he or she met with one of the therapists individually to review the components of that
session.

Statistical Analysis

The Mplus v5.0 software program (Muthén & Muthén, 1998-2007) was used to
estimate the GMM with and without covariates and the sequential GMM. This statistical
package uses a maximum likelihood estimation with robust standard errors (called the
MLR estimator in Mplus) to add robustness to non-normal data. This allows the error
variance to differ over time, but keeps it constant for all individuals in the same category
for each time period (Bollen, 2006). The first step in the analysis was to model the
individuals’ trajectories of post-treatment drinking frequencies and the average

percentage of functional days per week. Functional days were defined as days when
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individuals were abstinent or did not consume more than three drinks. This descriptive
analysis then allowed each case to have a distinct intercept and slope to describe linear
and non-linear trajectories of percentage of functional days within the 3 months after
treatment (Bollen, 2006). The objective was to examine the various onsets and rates of
change in order to allow GGM to fit linear and/or nonlinear latent curves.

Even though the TLFB was used to record the participant’s level of daily drinking
for a 12-month pre-treatment and follow-up period (Sobell et al., in press), as previously
mentioned for data analysis purposes only the 3-month before treatment and after
treatment data sets were used in the present study. In addition to evidence previously
described showing that a 3-month pretreatment interval was sufficient for studies
involving problem drinkers (Vakili et al., 2008), the main reason for using 3-month data
was because a weekly aggregation of time-point data was used in the analyses, and time
points have to be limited to decrease the complexity of the model as a result of the
sample size.

The latent curves of GMM were set according to the most feasible number of
trajectories observed in the data. Therefore, the models were fixed to a linear function
and a quadratic model according to the individual trajectories (Bollen, 2006). After
setting the different latent trajectories of change, the following four covariates were
investigated to explore their effects on the growth factors and class membership: (a) pre-
morbid level of alcohol use, (b) number of alcohol-related consequences, (c) goal choice,
and (d) treatment modality. These models expressed the probability that an individual
was a member of clads as a function of the covariate Assigning one class as a

reference allowed for the log odds estimation of class membership for each covariate.
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These models also included regression of the growth parameters on the covariates, with
the regression coefficient to vary across classes. Ultimately, the objective was to evaluate
the covariates’ effects on the growth factors within each category.

Since the GMM includes a number of model variations, it is essential to find the
best fitting and the most parsimonious model that fits the data (Muthén, 2001b). The
adjusted Bayesian Information Criterion (aBIC), the adjusted likelihood ratio test (LRT),
and the bootstrapped likelihood ratio test (BLRT) were employed to accomplish this
objective. The aBIC balances two components, maximum likelihood and model
parsimony. According to the aBIC, a good model has a high likelihood value and uses the
least number of parameters, with a low aBIC value indicating a better fitting model. The
aBIC also considers the number of parameters and sample size in order to account for the
complexity of the model. This method was recently found to be the best likelihood-based
indicator of model fit for latent variable mixture models (Henson, Reise, & Kim, 2007).
The LRT and BLRT models were used to test the fik ef 1 classes againktclasses,
with a significantp value indicating that the null hypothesiskot 1 classes should be
rejected in favor of at leadt classes (McLachlan & Peel, 2000; Nylund, Muthén, &
Asparouhov, in press).

The second indicator, which examines the quality of group data classification, is
the posterior probabilities. This is determined by locating the highest average posterior
probability for individuals, which is found in the diagonal elements. Within each class,
posterior probabilities are related to the likelihood that an individual endorses an
indicator (Bucholz et al., 1996). These probabilities provide information on class

membership assignment according to the indicators. The posterior probabilities are
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summarized by the entropy measure (Ramaswamy, DeSarbo, Reibstein, & Robinson,
1993), with numbers closer to 1 indicating more precise classification. Finally, in order to

choose the best model, the utility, distinctiveness, and interpretability of the classes
yielded by each model were considered (Witkiewitz & Masyn, 2008).

Once the best model fit was selected, the second stage tested specific hypotheses
regarding the relationship between the previously mentioned covariates (treatment
modality, goal choice, number of negative alcohol-related consequences, and pre-
treatment levels of alcohol consumption) in the prediction of drinking trajectories and
trajectory class membership. The goals of the covariate analyses were twofold: (a) to
assess the degree to which these covariates predict class membership, and (b) to evaluate
the within-class effects of these covariates on the intercept and slope of each class. When
covariates were added to the GMM models that had the same number of classes, the
likelihood-ratio chi-square difference test was used. If the model with the covariate was
found to be significantly smaller than the GMM without the covariate, the former model
was concluded to show a better fit and was, therefore, preferable. A multinomial logistic
regression was used to evaluate the association between the covariates and the latent class
membership. Here, each covariate association was characterizé&ell yegression
coefficients wherek was the number of latent classes. Each coefficient represents the
change in the log odds of being in a given class, relative to the reference class for a 1-unit
change in the covariate. The significance of the coefficient as well as the corresponding
odds ratios was calculated for each covariate. In addition, covariates were incorporated as

predictors of within-class variation in growth trajectories using standard linear regression.
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As an alternative analysis to aid in understanding the relationship between
drinking severity levels at pre-treatment and follow-up, a sequential process GMM and a
cross-tabulation chi-square analysis was conducted with SPSS v14.0. The two analyzed
indicators of drinking severity level from the assessment data were the number of
functional days for the 3-month pre-treatment TLFB and alcohol-related consequences.
For the TLFB data, individuals’ trajectories for the 3-month pre-treatment drinking data
were modeled in order to understand the growth parameters of the GMM. To choose the
best GMM, the same procedure was followed for the follow-up data. In the case of the
alcohol-related consequences data, a LCA was conducted to yield the latent classes. For
the Latent Class Analysis (LCA) models, both the Bayensian Information Criterion (BIC)
and the BLRT have been shown to be the best indicators of the number of classes
(Nylund et al., in press). The BIC balances two components, maximum likelihood and
model parsimony (Schwartz, 1978). According to the BIC, a good model has a high
likelihood value using the least number of parameters, thus resulting in a low BIC value
and indicating a well-fitting model (BIC). The estimated item probabilities were used to
attach substantive meaning to the latent classes by presenting the mean probability for
each client endorsing an alcohol-related consequence in a given class. Both the LCA and
the GMM determined different drinking-related classes prior to treatment to generate the
class information necessary for understanding the relationship between pre-treatment
alcohol severity levels and treatment outcome within a latent class framework.

A sequential process GMM with pre-treatment and follow-up TLFB drinking data
was examined to evaluate individuals’ class transitions. For each GMM, process growth

factors were estimated according to the observed individual trajectories before
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determining the latent growth factors of the model. Each of the growth factors was
influenced by a latent class variable specific to the process, causing the means of the
growth factors to change across classes. Posterior probabilities and transition
probabilities were used to determine meaningful relationships between classes.
Probabilities closer to one indicated a higher relationship among the classes, meaning that
an individual had a higher chance to transition from a specific pre-treatment latent class
to a post-treatment one. Regarding alcohol-related consequences, the classes obtained by
the LCA were related to the latent classes obtained by the GMM model for the TLFB
follow-up data by conducting a cross-tabulation analysis in SPSS v14. In addition,
posteriori class probabilities for the two models were associated to account for some of
the error variance in class membership assignments. The relationship between the two
latent classes was determined by the statistical significance of chi-square at an alpha level

of .05.

CHAPTER IV:
Results
Growth Mixture Models for TLFB Follow-up Data
After examining the individual trajectories of follow-up drinking data, three

growth factors were used in the GMM (Figure 4.1) corresponding to the intefggpt (
linear slope §1), and nonlinear quadratic slop@.). The fit indicators for the 1- to 6-

class trajectories models are shown in Table 4.1, with specific class trajectories shown in
Figure 4.2. The aBIC rate of decrease is highest when comparing differences from a 1- to

a 2-class modeBBIC = 94.22); then decreases 46.78 points from a 2- to a 3-class model.
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From a 3- to a 4-class model this difference increases once 88 £ 74.90). The
difference between a 4- and a 5-class model decreases and then, increases again between
a 5- and a 6-class modéBBIC = 39.99 and 77.62, respectively). Since the largest
difference occurred between the 1- and 2-class models, a 2-class model, therefore,
demonstrates the most parsimonious, best fitting model. Although, in general, all the
models showed high entropies, the 4-, 5-, and 6-class models showed the highest entropy
(0.98). The BLRT indicates that all the class models fit significantly well; however, based
on the LRT indicator a 2-class model is the only one that shows a good fit. As seen in
Table 4.1, the 2-class model appears to strike the best balance between parsimony and fit,
providing a significantly better overall fit than the 1-class model according to the
LRT/BLRT outcomes. The 4-class model also appears to be a good option according to
all indicators except the LRT method. For both, a 2-class model and a 4-class model, a

theoretical explanation fits well.
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Figure 4.1. Growth Mixture Model for Pre-Treatment and Post-Treatment TLFB Data.

Table 4.1

Model Fit for Growth Mixture Models

Outcome Log-likelihood Entropy aBIC LRT BLRT p-value
k-class (# free

model parameters)

1-class 1882.38 (22) -- 22009.72 -- --

2-class -10801.24 (14) 0.93 21632.31 89.48,p=.002 93.71, p<.0001
3-class -10902.19 (30) 0.95 21868.72  52.88,p =.28 55.36, p <.0005
4-class -10860.45 (34) 0.98 21793.82 97.63,p=.16 102.22, p <.0005
5-class -10835.66 (38) 0.98 21753.83 63.98,p =.28 66.99, p <.0005
6-class -10793.06 (42) 0.98 21676.21 46.521,p=.09 48.71, p <.0005
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(a) 2- Class Model (b) 3- Class Model

(c) 4- Class Model (d) 5- Class Model

(e) 6- Class Model
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Figure 4.2. Change Trajectories for the 2-Class to the 6-Class Model.

Note: the y-axis represents the number of functional days and the x-axis represents the 3 months (12 weeks)
of TLFB data.

Two-Class Model for TLFB Follow-up Data
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Figure 4.3 shows the trajectories for the estimated means of the 2-class model.
This model represents two distinct groups of participants based on their number of
functional days after treatment. The two classes can be divided into high functioning
clients (HFC; n = 161, 80.5% of the total sample) and low functioning clients (LFC; n =
39, 19.5% of the total sample). Figures 4.4a and b show the estimated means of the
individuals’ observed values for HFC and LFC, respectively. The HFC group is
characterized by individuals who, as a group, have relatively high stable rates of
functioning throughout the 3-month follow-up (estimated means of percentage of
functional days ranged from 85.40 to 89.31), while the LFC group represents those who
had relatively poor functioning after treatment (estimated means of percentage of
functional days ranged from 15.13 to 38.62). Table 4.3 represents the parameters of the
growth mixture modeling for each of the two classes. Within the high functioning group,
neither the linear nor quadratic slopes were signifigdant(-0.19,p = .56;8, = 0.00,p =
.93), indicating that individuals generally had a similar number of average functioning
days across the 3-month follow-up. This suggests that participants in this class had a high
level of stability in their alcohol use after treatment. In contrast, both the linear and
guadratic slopes for the low functioning group were statistically signifi@nt (6.09,p
< .001;B; = 0.44,p < .001), thus indicating fluctuating of drinking patterns during the

first three months of follow-up.
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Figure 4.3. Estimated Means for Change Trajectories for the 2-Class Model.

Note: the y-axis represents the number of functional days and the x-axis represents the 3 months (12 weeks)
of TLFB data.

(a) High Functioning Clients (HFC) (b) Low Functioning Clients (LFC)

100:

Figure 4.4. Estimated Means and Observed Individual Values for HFC and LFC.

Note: the y-axis represents the number of functional days and the x-axis represents the 3 months (12 weeks)
of TLFB data.
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Table 4.2

Growth Factor Means for Each Drinking Class

Rate of Change

Drinking Classes Intercept Bo) | Linear Slopef@:) | Quadratic Slope®;)
High Functioning Clients 87.85* -0.19 0.00
(HFC)
Low Functioning Clients 39.58* -6.09* 0.44*
(LFC)
* p<.001

Four-Class Model for TLFB Follow-up Data

Figure 4.5 illustrates the trajectories for the estimated means of the 4-class model.
The four classes can be described as high functioning clients (HFC; n = 131, 64.7%), low
functioning clients (LFC; n = 19, 10.8% of the total sample), fluctuating clients (FC; n =
46, 22.5% of the total sample), and delayed-changers (DDC; n = 4, 2.0% of the total
sample). As with the 2-class model, the HFC group is characterized by individuals who
did well during follow-up (estimated means range from 89.29 to 91.84; see Figure 4.6a),
and the LFC represent the people who did not improve at follow-up (estimated means
range from 5.06 to 14.99; see Figure 4.6b). The DDC group consisted of individuals who,
immediately after treatment, had low functioning days (estimated mean = 39.24), but,

then, increased their number of functional days as the follow-up period progressed
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(estimated mean = 99.99; Figure 4.6¢c) The participants in the FC group represent
individuals who generally had a middle range of functional days across the 3-month
follow-up (estimated means range from 52.29 to 63.42). However, it should be kept in
mind that this pattern fit only a very small number of participants. As shown in Figure
4.6c¢, this group fluctuated between weeks of high and low functioning throughout the
follow-up. Table 4.3 represents the parameters of the GMM for each of the four classes.
Unlike the HFC group’s outcome for the 2-class model, the linear slope is negative and
significant B8; = -0.99, p = .007) indicating that individuals in this category slowly
decreased their functional days as the weeks progressed. Regarding the LFC group,
neither the linear nor the quadratic slopes were significant indicating that members had a
constant level of low-functioning days across the 3-month followByp=(-1.73,p = .10;

B2 = 0.13,p = .007). Within the FC category results showed that individuals typically had

a stable number of days within the middle range of functioning days percentages with a
significant and slow improvement according to the linear sl@pe=(-2.39, p = .04).
However, when examining the observed values for the FC group (see Figure 4.6¢), it
should be noted that these trajectories represent individuals whose functional days across
the weeks vary with no identifiable pattern. According to both the linear and quadratic
slopes, the clients in the DDC group generally appear to have low functional days
immediately after treatment, but improve as follow-up progregses {8.02,p = .09; 8

= 1.26,p = .001). The quadratic slope also reveals that before these individuals improve,

they have less functional days than when they completed treatment.
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Figure 4.5. Estimated Means for the Trajectories of Change of a 4-Class Model.

Note: the y-axis represents the number of functional days and the x-axis represents the 3 months (12 weeks)
of TLFB data. Class 1 = LFC, Class 2 = FC, Class 3 = HFC, Class 4 =DDC.
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(a) High Functioning Clients (HFC) (b) Low Functioning Clients (LFC)

Figure 4.6. Estimated Means and Observed Individual Values for HFC, LFC, R, and SC.

Note: the y-axis represents the number of functional days and the x-axis represents the 3 months (12 weeks)
of TLFB data.
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Table 4.3

Growth Factor Means for Each Drinking Class

Rate of Change

Drinking Classes Intercept Bo) | Linear Slopef:) | Quadratic Slope®?)
High Functioning Clients 96.18*** -0.99** 0.036
(HFC)
Low Functioning Clients 12.71%** -1.73 0.13*
(LFC)
Fluctuating Clients (FC) 61.00*** -2.39** 0.18*
Delayed-Changers (DDC) 34.49*** -8.02* 1.26**

*** p<.001; ** p<.05; * p<.1

Growth Mixture Models with Covariates for TLFB Follow-up Data
Two-Class Model with Covariates
As indicated by Tables 4.4 and 4.5, for the GMM with covariates, the results
show several significant relationships between the covariates and the within-class growth
factors for the two-class model. Within the high functioning group (n = 175, 87.84%),
individuals who chose an abstinence goal at intake finished treatment with a significant
higher percentage of functional days than those who chose a moderatio,geal (

14.47,p < .001). The estimated mean of percentage of functional days at post-treatment
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for HFC who chose abstinence was 94.64%, whereas for individuals who chose
moderation, it was 86.14%. This relationship remained stable across time since neither
the linear nor the quadratic slopes were significBat=-0.62,p = .35;8, = 0.07,p =
.21). Forty-two individuals with an abstinence goal versus 133 with a moderation goal
were classified as HFC. Regarding pre-treatment data, HFC who finished treatment with
lower functional days had a significantly higher number of alcohol-related consequences
and drank 5 or more drinks per occasion on more days at intake than those who had a
higher percentage of functional days after treatm@nt(-2.76,p = .007, angB, = -0.25,
p = .002 respectively). Estimated means of follow-up functional days for individuals who
endorsed a higher number of consequences at intake was 82.86% versus 91.43% for
individuals who endorsed a lower number of consequences. In the same direction,
estimated means of functional days for individuals who, at pretreatment, had a higher
number of days when they consumed 5 or more drinks was 67.14% versus 94.29% for
individuals with a lower number of days consuming 5 or more drinks. As with goal
choice, this relationship was stable across time for the number of alcohol-related
consequence$®{ = 0.06,p = .78;B, = 0.01,p = .59). However, the linear and quadratic
slope for the number of days where 5 or more drinks were consumed was signfficant (
= -0.02,p < .05;B; = 0.002,p < .05), indicating that individuals who had a higher
number of days drinking 5 or more drinks in one occasion prior to entering treatment,
tended to show more variability of percentage of functional days across the follow-up
period (see Figure 4.7).

Regarding LFC (n = 25, 12.06%), there was only a significant relationship

between alcohol related consequences and the inteBeptl8.26,p < .001, see Table
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4.5). In contrast to the HFC, LFC who had a higher number of alcohol-related
consequences showed better outcome after treatment (estimated mean = 97.62%) than
individuals with lower number of alcohol-related consequences (estimated mean =
42.86%). This relationship was sustained over tifie=(-0.29,p = .82;8, = -0.12,p =

0.28). Cautious interpretation should be made for this last finding as the sample size for
this group was small. In addition, based on covariates significant results were obtained
from the multinominal logistic regression of class membership. Table 4.6 shows the odds
ratio for the covariates’ effects on class membership. Here, individuals who consumed

less days 5 or more drinks at intake were more likely classified as HFC.
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Parameter Estimates for Growth Factors Regressed on Covariates for High Functioning

Clients (HFC)

Rate of Change

Covariates Intercept Bo) Linear Slopef;) Quadratic Slope®)
Modality 0.72 -0.88 0.03

Goal Choice -14.47** -0.62 0.07
Number of Consequences -2.76* 0.06 0.01
Number of days consumed -0.25* -0.02* 0.002*

5 or more drinks per day

** n<.001; * p<.05
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Figure 4.7 Estimated Means Comparison for Individuals in the HFG with High and Low

Number of Days Consumed 5 or More Drinks.

Note: the y-axis represents the number of functional days and the x-axis represents the 3 months (12 weeks)
of TLFB data.



56

Table 4.5
Parameters Estimates for Growth Factors Regressed on Covariates for the Low

Functioning Clients (LFC)

Rate of Change

Covariates Intercept Bp) Linear Slopef;) Quadratic Slope®?)
Modality -17.03 0.58 0.36
Goal Choice 0.09 3.20 -0.40
Number of Consequences 18.26** -0.29 -0.12
Number of days consumed  -0.05 -0.06 0.01

5 or more drinks per day

** n<.001

Table 4.6

Odds Ratios (95% Confident Intervals) for the Covariates in the 2-Class Model

Covariates OrR*

Modality 1.27 (0.38 — 3.39)
Goal Choice 0.60 (0.19 - 1.89)
Number of Consequences 1.00 (0.76 — 1.30)

Number of days consumed 5 or more drinks  1.03 (1.01 — 1.05)*
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* p<.05

3FC was the reference class

Four-Class Model with Covariates

In contrast to the two-class models, the classes in the four-class model changed as
a result of the inclusion of the covariates. As seen in Figure 4.8, the four classes created
were the high functioning clients (HF®@; = 143, 71.02% of the total sample), low
functioning clients (LFCn = 34, 17.75% of the total sample), fluctuating clients (€;
9, 4.57% of the total sample), and deteriorating clients (D€;14, 6.67% of the total
sample). Similar to the 4-class model without covariates, this model has a high
functioning, a low functioning, and a fluctuating class. However, this model does not

include a delayed-change class, but rather a new class is created (DC; see Figure 4.9).
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Figure 4.8.Estimated Means for Trajectories of Change of the 4-Class Model with

Covariates.

Note: the y-axis represents the number of functional days and the x-axis represents the 3 months (12 weeks)
of TLFB data. Class 1 = LFC, Class 2 = FC, Class 3 = HFC, Class 4 = DC.

(a) High Functioning Clients (HFC) (b) Low Functioning Clients (LFC)

(c) Deteriorating Clients (DC) (d) Fluctuating Clients (FC)
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Figure 4.9.Estimated Means and Observed Individual Values for HFC, LFC, DC, and

FC.

Note: the y-axis represents the number of functional days and the x-axis represents the 3 months (12 weeks)
of TLFB data.

Tables 4.7 to 4.10 represent the parameters of the GMM for each class. Similar to
the two-class model, HFC individuals who chose an abstinence goal at intake finished
treatment with a significantly higher percentage of functional days than those who chose
a moderation goalBp = -10.49,p < .001). The estimated mean of percentage of
functional days at post-treatment for HFC who chose abstinence was 96.79%, whereas
for individuals who chose moderation it was 89.36%. This relationship was stable across

time since neither the linear nor the quadratic slopes were signifant0.30,p = .58;
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B2 = 0.06,p = .33). Forty individuals with an abstinence goal versus 103 individuals with
a moderation goal were classified as HFC. Regarding pretreatment drinking, HFC who
finished treatment with lower functional days had a significantly higher number of days
drinking 5 or more drinks than those who had a higher percentage of functional days
prior to entering treatment8{ = -0.14, p = .001). Estimated means of follow-up
functional days for individuals with a higher number of days consumed 5 or more drinks
pretreatment was 85.71% versus 94.29% for individuals with a lower number of days
consumed 5 or more drinks pretreatment. As with goal choice, this relationship was
stable across tim¢8{ = -0.02, p = .0883, = 0.00, p = .08).

Goal choice also showed significant results within LFC for all of the growth
factors Bo = 29.48,p < .001;B; = 7.23,p < .001;8, = 0.42,p < .001). Five individuals
with an abstinence goal versus 29 individuals with a moderation goal were classified as
LFC. The significance of the growth factors indicates differences observed in shape of
the trajectories, such that individuals who chose moderation tend to have a more stable
trajectory than individuals who chose abstinence (see Figure 4.10).

Within FC, the growth factors for all covariates were statistically significant with
the exception of the intercept for treatment modality and number of days consumed 5 or
more drinks pretreatmenBd = -17.49,p = 0.06;8, = 0.22,p = 0.17). Due to the small
sample sizen( = 9), from these results the only reasonable conclusion is that the
significance of the growth factors suggest a high level of variability within individuals in
this group (see Figure 4.11 to Figure 4.13). Within the DC group, goal choice also
showed significant results for all of the growth fact@is< -53.33,p < .001;8; = 16.83,

p < .001;8; = -1.36,p < .001; Figure 4.14). Two individuals with an abstinence goal
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versus 12 individuals with a moderation goal were classified as DC. The significance of
the growth factors indicates differences observed in shape of the trajectories where
individuals who chose moderation tended to have a more stable trajectory than
individuals who chose abstinence (see Figure 4.14), but again the sample is very small.
Finally, individuals who had more instances where they consumed 5 or more drinks per
occasion prior to entering treatment also demonstrated more variability after treatment
(B1=-0.23,p<.001;8, = 0.02,p < .001; See Figure 4.15). As with FC, due to the small
sample sizen(= 14), the significance of the growth factors suggests there was high level
of variability within individuals in this group.

Table 4.11 shows the odds ratio for the covariates’ effects on class membership.
Individuals with lower alcohol-related consequences at baseline and lower number of
days where they consumed five or more drinks pretreatment had a better chance of being
classified as HFC than as LFC and DC. These results are in the same direction as for the

two-class model.
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Table 4.7
Parameter Estimates for Growth Factors Regressed on Covariates for the High

Functioning Clients (HFC)

Rate of Change

Covariates Intercept Bp) Linear Slopef;) Quadratic Slope®?)
Modality 3.44 -0.88 0.05
Goal Choice -10.49** -0.30 0.06
Number of Consequences 0.48 -0.09 0.00
Number of days consumed -0.14* -0.02 0.00

5 or more drinks per day

** n<.001; * p<.05
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Table 4.8
Parameter Estimates for Growth Factors Regressed on Covariates for Low Functioning

Clients (LFC)

Rate of Change

Covariates Intercept Bp) Linear Slopef;) Quadratic Slope®?)
Modality -2.02 -0.67 -0.08
Goal Choice 29.48* -7.23* 0.42*
Number of Consequences 0.58 0.72 -0.01
Number of days consumed  -0.33 0.01 0.00

5 or more drinks per day

* p<.001

Table 4.9

Parameter Estimates for Growth Factors Regressed on Covariates for the Fluctuating

Clients (FC)

Rate of Change
Covariates Intercept Bp) Linear Slopef;) Quadratic Slope)
Modality -17.49 8.91** -0.66**
Goal Choice -19.14%** 17.04*** -1.24%**
Number of Consequences 19.33*** -2.00** -0.16**
Number of days consumed  0.22 -0.36*** 0.03***

5 or more drinks per day

**k n< 001, ** p<.05
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Table 4.10

Parameter Estimates for Growth Factors Regressed on Covariates for Deteriorating

clients (DC)

Rate of Change
Covariates Intercept By) Linear Slopef;) Quadratic Slope®?)
Modality -9.97 3.28 -0.08
Goal Choice -53.33* 16.83* -1.36*
Number of Consequences -6.39 1.10 -0.04
Number of days consumed  0.26 -0.23* 0.02*

5 or more drinks per day

** n<.001



65

Abstinence Moderation
100 100
90 90
T T
a 80 a 80
s 70 g 70
5 g 0
§ 50 § 50
I 40 I 40
5 30 5 30
£ 20 £ 20
10 10
0 0
1 2 345 6 7 8 9 10111213 1 2 3456 7 8 9 10111213
Time Points Time Point

Figure 4.10. Estimated Mean Comparison for Goal Choice among LFC.

Note: the y-axis represents the number of functional days and the x-axis represents the 3 months (12 weeks)
of TLFB data.
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Figure 4.11. Estimated Mean Comparison for Treatment Modality among FC.

Note: the y-axis represents the number of functional days and the x-axis represents the 3 months (12 weeks)
of TLFB data.
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Figure 4.12. Estimated Mean Comparison for Goal Choice Among FC.

Note: the y-axis represents the number of functional days and the x-axis represents the 3 months (12 weeks)
of TLFB data.
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Figure 4.13. Estimated Mean Comparison for Number of Alcohol-Related Consequences

Among FC.

Note: the y-axis represents the number of functional days and the x-axis represents the 3 months (12 weeks)
of TLFB data.
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Figure 4.14. Estimated Mean Comparison for Goal Choice Among DC.

Note: the y-axis represents the number of functional days and the x-axis represents the 3 months (12 weeks)
of TLFB data.
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Figure 4.15. Estimated Mean Comparison for Days consumed 5 or more Drinks Among

DC.

Note: the y-axis represents the number of functional days and the x-axis represents the 3 months (12 weeks)

of TLFB data.
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Table 4.11

Odds Ratio (95% confident intervals) for Comparisons between Four-Trajectory

Covariates OR(95%CI) - HFC OR(95%CIl)- LFC OR(95%CI) - DC

Low-Functioning Clients (LFC)

Modality 1.13 (0.51-2.53) -- --
Goal Choice 2.45 (0.85-7.04) -- --
Number of Consequences 0.79 (0.63-0.99)** -- --

Number of days consumed 5 or 0.98 (0.97-0.99)** - --
more drinks per day

Deteriorating Clients (DC)

Modality 2.12 (.61-7.45) 0.42 (0.02-1.60) -
Goal Choice 0.45 (0.09-2.26) 0.91 (0.15-5.50) --
Number of Consequences 1.74 (1.20-2.53)**  0.73 (0.49-1.08) --

Number of days consumed 5 or 1.03 (1.01-1.05)*  0.99 (0.97-1.02) --
more drinks per day

Fluctuating Clients (FC)

Modality .91 (0.23-3.63) 1.03 (0.23-4.67) 0.43 (.07-2.53)
Goal Choice 1.25(0.29-5.37)  3.07 (0.57-16.65) 2.79 (0.35-22.15)
Number of Consequences 1.35(0.91-2.01) 1.07 (0.70-1.64) 0.78 (0.46-1.30

Number of days consumed 5 or 1.01 (0.99-1.03) 0.99 (0.96-1.01) 0.98 (0.96-1.01)

more drinks per day

Note:®Class reference HFCClass reference DCClass reference LFC

** p<.05; * p<.10
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Comparing the Growth Mixture Models With and Without Covariates

The likelihood-ratio chi-square difference test was used to test whether the GMM

model with covariates was preferable and created a better fit than the model without the

covariates (Satorra, 2000). Table 4.12 shows the indicators and parameters to compute

this analysis. The chi-square difference tests showed that for both the two- and four-class

model, the models with the covariates were preferable and showed bett&xits (

143.33 and 307.54, respectively).

Table 4.12

Comparison between Models with and without Covariates

Models Chi-square Scaling Correlation  Number of Free
Factor Parameters
2-Class -10955.63 2.460 14
2-Class with Covariates  -10685.088 2.036 54
4-Class -10860.447 2.491 34
4-Class with Covariates  -10554.014 1.537 94

Growth Mixture Models for TLFB Assessment Data

After examining the individual trajectories of pre-treatment drinking data, three

growth factors were used corresponding to the inter@gptfd linear §;) and quadratic

slopes B,; see Figure 4.1). Each of the growth factors was influenced by the latent class

variable. The fit indicators for the one to six-class trajectory models are presented in

Table 4.13 and the specific class trajectories are shown in Figure 4.16. According to the
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aBIC decrease rate, none of the models captured a significantly different parsimony. The
rate of the aBIC differenceB4BIC) was generally constant and ranged from 32.32 to
52.63 for the first five models; then tBaBIC decreased to 17.25 from the five- to the
six-class model. In general, all the models showed high entropy but the four- to the six-
class model showed the highest (0.94). Based on the LRT indicator, a 6-class model had
the better fit compared to thel model. Therefore, according to these indicators, either
the two- or the six-class model seemed to produce the best fiBaBt€ indicates that

the two-class model is more parsimonious than the six-class n8adBdC(= 48.27 and

8aBIC = 17.25, respectively). However, the entropy for the six-class model is higher than
the two-class model (.94 and .85, respectively). In this specific case, a two-class model
was chosen for the sequential process GMM analysis since it has a theoretical root. This
model represents the idea that there are individuals who come to treatment with different

severity levels.



Table 4.13

Model Fit for Growth Mixture Models with Assessment TLFB Data

74

Outcome Log-likelihood Entropy aBIC LRT BLRT p-value
k-class (# free

model parameters)

1-class -11602.29 (22) - 23251.77 - -

2-class -11573.87 (26) 0.85 23203.50 54.28,p=.21 56.84, p<.0005
3-class -11553.42 (30)  0.91  23171.18 36.04,p=.29 37.73,p <.0005
4-class -11522.81(34)  0.94 2311855 52.38,p=.10 54.85, p<.0005
5-class -11492.86 (38) 0.94 23067.22 57.22,p=.15 59.91, p<.0005
6-class -11479.93 (42) 091  23049.97 62.23,p=.04 65.16, p <.0005
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(a) 2-Class Model (b) 3-Class Model

(c) 4-Class Model (d) 5-Class Model

(e) 6-Class Model
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Figure 4.16. Pre-Morbid Alcohol Trajectories for the 2-Class to the 6-Class Model.

Note: the y-axis represents the number of functional days and the x-axis represents the 3 months (12 weeks)
of pretreatment TLFB data.

Two-Class Model for Pre-Treatment Drinking Trajectories

As seen in Figure 4.17, the classes in the two-class model can be described as the

low drinking severity group (LSG; n = 104, 52%) and the high severity drinking group
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(HSG;n = 95, 47%). Estimated means and individual observed values for each category
can be seen in Figure 4.18. Participants in the LSG category are characterized by tending
to function well for most days in the weeks leading up to treatment (estimated means
range from 66.50 to 78.13; see Figure 4.18a). Individuals in the HSG group are
characterized as reporting only a small percentage of functional days before entering
treatment (estimated means range from 15.40 to 33.74; see Figure 4.18b). It is also
obvious in Figure 4.18 that there is a great deal of pretreatment weekly variation among
members of both classes. Table 4.14 presents the parameters of the GMM for each class.
In the HSG, the intercept is significant, but neither the linear nor quadratic slopes were
significant 3; = 0.2, p = .83; B, = 0.07,p = .37), meaning that there was not a
statistically significant level of variation within the three months prior to treatment. In
contrast, in the LSG group, both slopes were statistically signifiBant {2.18,p = .002;

B2 = .13, p = .02), thus indicating individuals’ variability before treatment.
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Figure 4.17.Estimated Means for the Pre-morbid Drinking Trajectories of the 2-Class

Model.

Note: the y-axis represents the number of functional days and the x-axis represents the 3 months (12 weeks)
of pretreatment TLFB data.

(a) Low Severity Group — LSG (b) High Severity Group — HSG

Figure 4.18. Estimated Means and Observed Individual Values for the LSG and the HSG.

Note: the y-axis represents the number of functional days and the x-axis represents the 3 months (12 weeks)
of pretreatment TLFB data.
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Table 4.14
Growth Factor Means for Each Drinking Class for the Two-Class Model for the Pre-

morbid Alcohol Trajectories

Rate of Change

Drinking Classes Intercept Bp) Linear Slopef;) Quadratic Slope®;)
High Severity Group (HSG) 15.91** 0.2 0.07
Low Severity (LSG) 78.48** -2.18* 0.13*

**p<.001; *p<.05

Sequential Process Growth Mixture Model

Since the two-class model for both the pre-treatment and follow-up data showed
the best balance between parsimony and fit, these models were used for the sequential
process GMM (see Figure 4.19 and Figure 4.20). The classifications of clients into each
drinking class according to posterior probability can be seen in Table 4.15. The posterior
probabilities revealed that approximately 65% of the participants in the LSG tended to
improve and reach a high number of functional days during follow-up with a stable
change rate occurring after treatmefi.(= -0.58,p = .06;82, = 0.01,p = 0.86; see
Figure 4.21a and Table 4.13). As shown in Table 4.16, individuals in the LSG had a .77
probability of having a high percentage of functional days during follow-up. In this class,
percentage of functional days ranged from 54.61 to 59.98 before treatment and 86.94 to
95.62 after treatment (see Figure 4.21a). The remaining individuals in the LSG (19%)

were classified as LFC (range = 53.93 to 62.23; see Figure 4.21b). These individuals
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tended to be the ones among the LSG with lower functional days (range = 25.65 to 36.47)
at intake. Even though these individuals were classified as LFC, they increased their
functional days at follow-up compared to their baseline alcohol severity level (see Figure

4.21b). As with the HFC, their change during follow-up appeared to be stable across time
(B12 = 1.28, p = .47B2, = -0.10, p = 0.41; see Figure 4.21b).

Regarding HSG, most of these individuals were classified as LFC (69%; see
Figure 4.21c). This class seemed to fluctuate over time, during both the pre-treatment and
follow-up time periods£.; = -0.18,p = .04;82; = 0.21,p = .02; see Figure 4.21b and
Table 4.17). Clients in this group had overall low functional days before and after
treatment (range of estimated means = 10.30 to 32.22 and 4.69 to 21.30, respectively),
although the remaining participants (23%) were classified as HFC. Before treatment,
their estimated means ranged from 19.18 to 4@Rifing follow-up, these individuals

showed a variable pattern of functional da@s, (= 1.50,p = .01; range of estimated

means = 6.66 to 66.77; see Figure 4.20d and Table 4.17).
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Figure 4.19. Diagram for the Sequential Process GMM Analysis.

Figure 4.20.Estimated Means for the Change Trajectories of the Sequential Process

Growth Mixture Model.

Note: the y-axis represents the number of functional days and the x-axis represents the 3 months (12 weeks)
of pretreatment and post-treatment TLFB data.

Table 4.15

Estimated Posterior Probabilities for a Sequential Process Growth Mixture Model

Pre-Treatment

Follow-up LSG HSG
HFC .648 .050 .698
LFC 191 109 .300

.839 159 ~1.00
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Table 4.16

Latent Transition Probabilities for a Sequential Process Growth Mixture Model

Pre-Treatment

Follow-up LSG HSG

HFC T7 23

LFC 31 .69

(a) LSG —HFC (b) LSG - LFC
(c) HSG- LFC (d) HSG- HFC

Figure 4.21.Estimated Means and Observed Individual Values the Sequential Process

Growth Mixture Model.
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Note: the y-axis represents the number of functional days and the x-axis represents the 3 months (12 weeks)
of pretreatment and post-treatment TLFB data.

Table 4.17

Growth Factor Means for Each Drinking Class

Rate of Change

Pre-treatment Follow-up
Drinking Classes  Bo B B21 Boz B2 By,
LSG —HFC 59.57** -1.13 0.10 95.52** -0.58 0.01
LSG - LFC 27.88** 0.61 -0.03 56.23* 1.28 -0.10
HSG- HFC 38.16** 0.41 -0.09 69.30**-17.27* 1.50**
HSG- LFC 28.85** 1.14 -0.18* 12.12* -1.89 0.21*

**p < .001; *p < .05

Latent Class Analysis for Alcohol-Related Consequences

Table 4.18 presents the observed sample sizes and the proportion of participants
who endorsed each of the eight possible alcohol-related consequences assessed at intake.
One- to four-class models were estimated (see Table 4.19) using LCA. Indicators are
presented in Table 4.19. The lowest BIC value of the LCA models was for the two-class
model (BIC = 1838.21). The non-significgmivalue of the BLRT for the 4-class model
indicated that the addition of one class to the model did not add any relevance to the
model. The BIC increases for the three- and four-class models, indicating less parsimony.

Thus, the two-class model was chosen as the best LCA model for these data.
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Table 4.18
Observed Sample Size and Proportion for the Eight Binary Alcohol-Related

Consequences

Consequences N Proportion (%)

Cognitive 138 68.0

Affective 127 62.6

Interpersonal 127 62.6

Financial 95 46.8

Aggressive 91 44.8

Vocational 82 40.4

Health 36 17.7

Legal 4 2.0

| Health || cognitve || Financial || Affective || Interpersonal || Aggressive || vocational Legal

Figure 4.22. Latent Class Analysis Diagram for Alcohol-Related Consequences.
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Table 4.19

Model Fit for the Latent Class Analysis

k-class model  Log-likelihood (# parameters)  Entropy BIC BLRT p-value

2-class -868.68 (19) 0.69  1838.21 121.14 p <.0005
3-class -856.07 (29) 0.69  1866.08 25.21, p <.0005
4-class -847.55 (39) 0.83  1902.12 17.05,p =.31

The estimated probabilities by item for the two classes are graphically presented

in Figure 4.23. The first class, the Less Impacted Group (LIG), contains almost two-

thirds (60.6%) of the total sample. The second class, the Impacted Group (IG), contains

39.4% of the sample. Estimated probabilities of endorsing an alcohol-related

consequence for individuals within a given class are presented in Table 4.20. Within the

LIG, estimated probabilities ranged from 0.02 to 0.54, whereas estimated probabilities in

the IG ranged from 0.03 to 0.93. Regarding specific item responses, the estimated

probabilities are at least 30% larger in the IG than in the LIG for all consequences except

for the health and legal items.
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Figure 4.23.Estimated Probabilities of Endorsing a Alcohol-Related Consequence for

Each Class.
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Table 4.20

Estimated Probabilities for the 2-Class LCA Solution

Classes
Alcohol consequences Less Impacted Group  Impacted Group (IG)
(LIG)
Health 0.15 0.22
Cognitive 0.54 0.91
Financial 0.43 0.93
Affective 0.32 0.69
Interpersonal 0.44 0.90
Aggressive 0.22 0.80
Vocational 0.18 0.75
Legal 0.02 0.03

Cross-Tabulation Chi-square Analysis
As shown in Table 4.21, the latent classes obtained by the LCA for alcohol-
related consequences and by the GMM for alcohol consumption for the 3 months after
treatment were not related (Chi-square = 0.027 .89). A similar percentage of
individuals classified in the LIG and the IG classes were clustered as HFC (80% and

80.8%, respectively), indicating that neither the LIG nor the IG classes tended to classify
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individuals in a particular class during follow-up. In addition, a point-biserial correlation
between the estimated class probabilities for the classes in the model was not significant

(r =0.007, p = .93).

Table 4.21

Cross-Tabulation Analysis for Alcohol-Related Consequences and Functional Days at

Follow-up
Pre-treatment Classe Follow-up Classes Total
LFC HFC
LIG 24 99 123
% within Pre-treatmen 20.0% 80.0% 100%
% within Follow-up 62.5%  61.3% 61.6%
% of Total 12.3% 49.3% 61.6%
IG 15 62 77
% within Pre-treatmen 19.2% 80.8% 100%
% within Follow-up 37.5% 38.7% 38.4%
% of Total 7.4% 31.0% 38.4%
Total 39 161 200
% within Pre-treatmen 19.7% 80.3% 100%
% within Follow-up 100% 100% 100%
% of Total 19.7% 80.3% 100%

CHAPTER V:
Discussion
Drinking Trajectories During Follow-Up
This study evaluated whether a person-centered approach was able to identify
different change patterns among problem drinkers who had completed a short, outpatient

intervention. The first hypothesis was confirmed. Two reliable patterns of drinking
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trajectories — high functioning clients (HFC) and low functioning clients (LFC) — were
obtained from the early (3 months) post-treatment drinking data. The majority of
individuals were classified as HFC, indicating that most participants improved after
treatment. These results were similar to what Sobell, Sobell and Agrawal (in press) found
using of a variable-centered approach. They found that most individuals who completed
the GSC treatment, either in a group or individual format, reduced or stopped their
drinking and maintained the change over time.

Additionally, three other classes readily explained by existing theories were
identified. The four classes were the fluctuating clients (FC), delayed-change clients
(DDC), and deteriorating clients (DC), representing a small percentage of the total
sample. The FC involved individuals whose early follow-up trajectory was characterized
by abrupt fluctuations between weeks. The DDC did not do well immediately after
treatment but improved significantly over the short follow-up. Once covariates were
included in the four-class model, a new class was formed called deteriorating clients
(DC). Clients in this category displayed a high mean percentage of functional days after
treatment, which decreased over time. These results suggest that a person-centered
approach captures three types of trajectories: people who improve after treatment (HFC),
people who do not change (LFC), and people with different fluctuating patterns after
follow-up (e.g. FC, DDC, DC). The separate evaluation of the different fluctuating
pattern categories should be considered tentative as the trajectories of change were
examined over a relatively short time period. Since the categories changed when the

covariates were incorporated into the model, the covariates seem to have an important
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role in classifying these individuals and assigning meaningful interpretations to the

different change patterns.

Relationship of Pretreatment Variables to Drinking Trajectories at Follow-up

Another objective of this study was to assess the extent to which pretreatment
covariates were able to differentiate between different patterns of early outcomes. The
goal was to examine whether a person-centered statistical approach provides valuable
information for the identification of outcome predictors. The second hypothesis which
posited that alcohol-related consequences, pre-morbid drinking patterns, goal choice, and
treatment modality would be related to treatment outcomes was partially confirmed. The
effects of the covariates were assessed by incorporating them into the two- and four-class
latent models. Additionally, analyses of the relationship of drinking levels to groups were
investigated by examining class transitions between the baseline alcohol latent
trajectories and latent classes based on alcohol-related consequences and the drinking
latent classes at post-treatment.

In both the two- and the four-class model, goal choice was related to treatment
outcome, but only for the high functioning outcome group. High functioning individuals
who chose an abstinence goal at intake had a somewhat higher percentage of functional
days than those who chose a moderation goal, although both subgroups had a very high
mean percentage of functional days. This relationship was stable throughout the 3-month
follow-up. It is important to consider this finding in context, however. First, the number

of individuals who chose abstinence were a minonity=(42; 31.6%) among HFC.
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Second, this relationship was not sustained in the multinomial logistic regression of class
membership. Third, the choice of a moderation goal was not manipulated but rather was
self-selected, and thus it could reflect the influence of multiple variables not measured in
the study. Fourth, this study only examined a three-month follow-up period, when results
are less likely to be stable. Finally, the pursuit of low-risk drinking is likely to involve
some trial and error, which could be reflected in early outcomes. The present results are
not consistent with the scant literature on goal choice among problem drinkers (Booth et
al., 1984; Booth et al., 1992; Ojehagen & Berglund, 1989; Sanchez-Craig et al., 1984),
which shows a lack of relationship between goals and outcomes, but that literature
involves aggregated outcomes over much longer intervals (e.g., two years).

The number of alcohol-related consequences also was associated with the latent
classes in the two- and four-class models. In the two-class model, members of the HFC
class, who endorsed a lower number of consequences at intake, experienced more
functional days during the follow-up period. Among LFC, this relationship was inverted
in that individuals with more alcohol consequences at intake displayed more functional
days after treatment. This last finding requires cautious interpretation since the sample
size was smalln( = 22). In the four-class model, individuals with a lower number of
alcohol-related consequences at pretreatment had a higher chance of being classified as
HFC than as LFC or DC.

In contrast to the findings obtained for the GMMs with covariates, no
relationships were found between the latent classes obtained for alcohol-related
consequences at intake and those based on the level of alcohol consumption after

treatment. According to the LCA, the two classes obtained from alcohol-related
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consequences were the impacted group (IG) and the less impacted group (LIG). Group
membership was not associated with number of functional days after treatment. These
findings indicate that the relationship between alcohol-related consequences and
treatment outcomes depends on how this variable is manipulated in the analyses.
Significant findings associated with treatment outcomes were found when alcohol-related
consequences was used as an interval variable (humber of alcohol-related consequences),
whereas a categorical analysis of alcohol-related consequences using a LCA model did
not provide significant results on treatment outcomes. Other studies that have examined
alcohol-related consequences and analyzed the effect of independent consequences
supported the idea that alcohol-related consequences are associated with treatment
outcomes (i.e. Gordon & Zrull, 1991; John et al., 2003; Marlatt & Gordon, 1985). The
fact that the error variance was not taken into account in the classification analysis could
explain the lack of significant results in the LCA. Another possible reason is that this
sample did not include individuals with higher levels of drinking problem severity.
Regarding baseline alcohol severity levels, in both the two- and the four-class
model, HFC who had fewer days of consuming five or more drinks at baseline had more
functional days during follow-up. In the two-class model, having more days where five or
more drinks were consumed was associated with fluctuation of drinking patterns after
treatment within the HFC class. Interestingly, class membership was associated with
number of days consuming five or more drinks. High functioning clients had a lower
number of days consuming five or more drinks at baseline than LFC for both the two-
and four-class model, and DC for the four-class model. This relationship was confirmed

in the sequential process GMM analysis. Here, a latent growth mixture analysis was used
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as an innovative tool to classify drinking patterns based on assessment data. This analysis
produced the low severity group (LSG) and the high severity group (HSG). These latent
classes were associated with the two-class model obtained using the follow-up data.
Findings from this analysis revealed that individuals who started treatment with lower
severity levels had more than a 75% chance of being classified as HFC after treatment,
whereas participants with higher severity levels at intake tended to have almost a 70%
chance of being classified as LFC after treatment. These results support the idea that
alcohol problem severity levels are related to treatment outcomes (Hesselbrock et al.,
1987; Witkiewitz, 2008; Witkiewitz et al., 2007).

In relation to treatment format, it is important to highlight that similar to the
results obtained by Sobell et al. (in press), the covariate effect of treatment modality was
not significant and was not related to class membership. This finding is consistent with
studies comparing treatment efficacy of Ml or CBT in individual and group formats
(Graham et al., 1996; Marques & Formigoni, 2001; Weiss et al., 2004).

Significance of the Study

The results from these analyses support the notion that problem drinkers do not
constitute a homogeneous population, neither before nor after treatment. That is, problem
drinkers can be classified into meaningful subgroups. Identification of such subgroups
can assist in understanding the nature of alcohol problems, and it can also serve to
generate client-treatment matching hypotheses. Beginning in the 1990s, more complex
statistical techniques became available allowing for the testing of models that better
represent the complex relationships involved in behavioral changes. Growth mixture

modeling is one such technique for studying the complexity of the change process. This
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model combines the general latent variable modeling framework with multivariate
design, resulting in a flexible approach to analyzing longitudinal data in the social
sciences (Hix-Small, Duncan, Duncan, & Okut, 2004). Thus, growth mixture modeling
gives researchers the opportunity to explore and test complex theories that have not been
statistically evaluated due to limitations of traditional statistical techniques. Such new
statistical techniques can benefit researchers in examining the complexities of the
phenomena and mechanisms that interact to affect human behavior. In the alcohol field,
due to the high relapse rate following treatment, it is important to explore the individual
differences and risk factors related to relapse rates and the individual’s change process.
This information can potentially suggest treatment strategies that could be evaluated in
clinical trials.

Three major findings provide evidence of the value of using a person-centered
approach in the evaluation of treatment outcomes. First, even though problem drinkers
seem to constitute a homogeneous population, the significant differences observed among
the classes in terms of frequency of alcohol use, and variability in change patterns
demonstrates the feasibility of examining drinking data in aggregated subgroups in order
to further understand the specific relationships between variables and outcomes. Second,
the fact that covariates, such as alcohol severity levels, were significantly associated with
the trajectories not only between classes, but also within classes illustrates the importance
of examining these variables in a latent class framework. Third, the significant fluctuation
observed among individuals demonstrates the importance of considering this factor in the
evaluation of treatment outcomes. Related to this, trajectories of change varied according

to the covariates introduced in the model, suggesting that introducing different covariates
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may help understand the fluctuation patterns. The importance of considering fluctuation

was particularly apparent in the sequential process GMM analysis. In that analysis, even
though a percentage of individuals in the HSG class were classified as HFC due to the
average of functional days across weeks, their progress showed major fluctuations after
treatment.

The present study demonstrated that a person-centered analysis can be an
effective statistical technique to advance knowledge about variables related to treatment
outcomes. Information about the clustering of variables can help create client-treatment
matching hypotheses and predict cases (i.e., subgroups) unlikely to improve with certain
interventions. Innovated interventions could then be developed for such cases and
evaluated to see if they can improve treatment efficacy. Finally, recent studies have
successfully found significant results in the use latent class analyses to validate client-
treatment matching hypotheses that failed to be validated by conventional statistical
techniques (Witkiewitz et al., 2007; Wu & Witkiewitz, 2008).

Limitations

This study has several limitations related to methodological issues and statistical
analysis. The follow-up time period and the sample size of the population are two
significant limitations. Even though individuals completed a 12-month TLFB, only data
from the first 3-months after treatment were used in these analyses to reduce the
complexity of the model and to accommodate for the size of the sample. Therefore,
results concerning the effect of covariates over time, such as goal choice, should be

considered inconclusive. Additionally, due to the small number of individuals classified
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in some groups, such as DDC, FC, and DC, the directionality of the significant effect of
covariates was not interpretable.

Regarding the limitations of GMMSs, since these techniques are fairly new, little is
known about requirements in relation to the necessary sample size and the number of
time points needed in order to achieve a good estimation with strong power (Muthén,
2004). A considerable limitation is the fundamental idea of the existence of a
heterogeneous population, containing relatively homogenous subgroups, which entails
different drinking distributions. These models provide an approximation of the mixture
distributions of the data (Cudeck & Henly, 2003). Therefore, in mixture models it is
difficult to know with certainty which are the exact underlying distributions and if they
are reliable among all samples of alcohol users. Thus, the present results need to be
interpreted with caution and should not yet be generalized to other populations (Bauer &
Curran, 2004). They should be considered exploratory and in need of replication using a
different dataset. Since the growth mixture model found in this sample provides a
potentially useful representation of the heterogeneous population of problem drinkers
after treatment, the utility of this model can be determined by future studies. It is
important to note that these results do not suggest that these classes are the only
subgroups that can be found among problem drinkers. As was demonstrated, there are
many feasible solutions and the selection of the best model depends not only on the
statistical indicators, but also on the theory underlying the dataset used and the research
guestion under study.

Future Directions
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This study focused on how a person-centered statistical approach can identify
predictors of outcomes. This type of study provides clues for hypothesis development for
client-matching treatment method and for the application of stepped care treatment
strategies. The present findings specifically provided information on drinking trajectories
after treatment based on percentage of functional days. As there are many ways of
characterizing alcohol use over time, future studies should examine which are the best
parameters to use in the estimation of trajectories. More than one drinking variable, such
as the number of drinks consumed per drinking day and the percentage of abstinent days
can be used for a more complete exploration of latent classes in alcohol abusers. In
addition, interactions between covariates, such as goal choice and severity levels, can
provide information on patterns of relapse and the dynamics of alcohol abuse after
treatment. It will also be important to understand which timeframe is reliable for this type
of analysis, as well as which temporal grouping is the best option to capture drinking
pattern fluctuations (i.e., days, weeks, months).

Evaluating how this type of statistical technique can aid in understanding the
relationship between individual characteristics and outcome results by comparing
variable- and person-centered statistical findings can be an objective of future studies.
Each method provides a different way of examining a data set, providing information
about groups and individuals differences. Using more complex statistical techniques to
test relevant hypotheses involved in client-treatment matching can be an objective of
future studies.

Future studies should also examine the relationship of within treatment

performance as a predictor of outcomes. Strategies such as the stepped-care approach,
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which focus on maximizing cost effectiveness, not only consider pre-treatment factors
but also initial progress in treatment as aids in determining treatment strategies. Dawes
(1994) found that when variables indicating early progress in treatment were entered in
the analysis, pre-treatment drinking levels were no longer significant. This suggests that
besides selecting the best initial intervention based on pre-treatment variables, clinicians
may also obtain relevant information from examining progress in therapy. Therefore, it
appears that selecting a criterion based on performance can help clinicians make
informed decisions for alcohol abusers who seek treatment (Breslin, Sobell, Sobell,
Cunningham, Sdao-Jarvie, & Borsoi, 1999; Sobell & Sobell, 2000). As GMMs provide
the opportunity to examine time-variant and time-invariant covariates, the evaluation of
both pre- and within-treatment variables as factors in treatment outcomes is possible.
Future studies should determine the value of these statistical techniques for strategies that
maximize cost-effectiveness of interventions thorough the evaluation of pre- and within-

treatment variables.
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