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Overview

• Latent transition analysis
• Growth mixture analysis
• Two-part growth and growth mixture analysis
• Survival analysis
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General Latent Variable Modeling Framework

• Observed variables
x background variables (no model structure)
y continuous and censored outcome variables
u categorical (dichotomous, ordinal, nominal) and 

count outcome variables
• Latent variables

f continuous variables
– interactions among f’s

c categorical variables
– multiple c’s
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Latent Transition Analysis
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Further Readings On Latent Transition Analysis
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Latent Transition Analysis
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• 1,137 first-grade students in Baltimore public schools

• 9 items:  Stubborn, Break rules, Break things, Yells at others,
Takes others property, Fights, Lies, Teases classmates, Talks
back to adults

• Skewed, 6-category items; dichotomized (almost never vs other)

• Two time points: Fall and Spring of Grade 1

• For each time point, a 2-class, 1-factor FMA was found best fitting

Factor Mixture Latent Transition Analysis:
Aggressive-Disruptive Behavior In The Classroom
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Factor Mixture Latent Transition Analysis:
Aggressive-Disruptive Behavior In The Classroom 

(Continued)

16,30640-8,012 FMA LTA
factors related
across time 

17,44521-8,649 Conventional 
LTA

BIC# parametersLoglikelihoodModel 
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Factor Mixture Latent Transition Analysis:
Aggressive-Disruptive Behavior In The 

Classroom (Continued)

Estimated Latent Transition Probabilities, Fall to Spring

0.590.41High
0.060.94Low
HighLow

FMA-LTA
0.830.17High
0.070.93Low
HighLow

Conventional LTA
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Two-Level Latent Transition Analysis
Asparouhov & Muthen (2006)
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Multilevel Growth Mixture Modeling
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Individual Development Over Time
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Mixtures And Latent Trajectory Classes

Modeling motivated by substantive theories of:

• Multiple Disease Processes: Prostate cancer (Pearson et al.)

• Multiple Pathways of Development: Adolescent-limited versus 
life-course persistent antisocial behavior (Moffitt), crime curves 
(Nagin), alcohol development (Zucker, Schulenberg)

• Subtypes: Subtypes of alcoholism (Cloninger, Zucker)
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Placebo Non-Responders, 55% Placebo Responders, 45%
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A Clinical Trial 
Of Depression Medication:

Two-Class Growth Mixture Modeling
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Growth Mixture Modeling:
LSAY Math Achievement Trajectory Classes
And The Prediction Of High School Dropout
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Further Readings On 
General Growth Mixture Modeling
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• Outcomes: non-normal continuous – count – categorical
• Censored-normal modeling
• Two-part (semicontinuous modeling): Duan et al. (1983), 

Olsen & Schafer (2001)
• Mixture models, e.g. zero-inflated (mixture) Poisson 

(Roeder et al., 1999), censored-inflated, mover-stayer
latent transition models, growth mixture models

• Onset (survival) followed by growth: Albert & Shih (2003)

Modeling With A Preponderance Of Zeros
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Two-Part (Semicontinuous) Growth Modeling
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Two-Part Growth Mixture Modeling
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Survival Analysis

• Discrete-time survival analysis
• Continuous-time survival analysis

Fully integrated into a general latent variable framework
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Hazard Sample Estimates

Male, Below mean + sd TOCA1F
Male, Above mean + sd TOCA1F

Female, Above mean + sd TOCA1F
Female, Below mean + sd TOCA1F
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Discrete-Time Survival Models
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Mplus Website
Visit www.statmodel.com to check out

• Mplus version 4.1
• Version 4.1 User’s Guide
• Recent papers
• Mplus Discussion
• Web videos of courses
• Short course announcements

• October 19-20 at Johns Hopkins:
www.jhsph.edu/prevention/Conferences/Muthen2006

• October 23-24 at University of Montreal
http://www.statmodel.com/index.shtml


