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Latent Analysis




What is Latent Analysis?

» Definition of Latent Analysis
> Finite mixture model
> Similar to clustering techniques

» Latent Variables
- Variables not directly observed
“Hidden” or unobserved variables
Inferred through mathematical models observed variables
> Systematic unmeasured variable
Often referred to as factors
- Consider
Intelligence, BMI, Achievement




Benefits of Latent Analysis FEPEharma

» Enables researchers to study the impact of exposure to
patterns of multiple risks

» Enables researchers to study antecedents and consequences
of behaviors

» Results can assist in the creation of more robust prevention
programs

» Can be used to reduce the number of variables

» Help researchers in situations in which treatment effects are
different for different people




Theory Behind Latent Analysis

» Linear regression model without inclusion

y=o + 3x + ¢

» Model of a “purified” x variable
x=Fx+8

» Linear regression model with “purified” x

y=a + F + ¢




Assumptions of Latent Structure o
Analysis

» Sample may be composed of homogenous subgroups

» Classes
- Not able to be directly measured (ie. latent)
- Able to be inferred from measured “indicator” variables
> Created such that indicators are not correlated within classes, instead
they are correlated across classes
» LSA provides objective criteria for determining the existence,

number, and makeup of these classes




Types of Latent Analyses TP EERs
Analysis ———Design ____|Approach __|indicators ___[Result

Factor Analysis Cross-sectional Dimensional Continuous Dimensions

Latent Class Analysis Cross-Sectional Categorical Dichotomous Classes

Latent Profile Analysis Cross-Sectional Categorical All Classes

Factor Mixture Modeling Cross-Sectional Both All Dimensions &
Classes

Latent Transition Analysis Longitudinal Categorical All Transition
Patterns

Latent Growth Mixture Longitudinal Categorical Continuous Trajectories

Models

Latent Change Score Longitudinal Dimensional Continuous Latent Change

Analysis




Review of 4 Latent Procedures &
Structural Equation Modeling




Latent Profile Analysis Procedure FPRnarma

» How can an LPA be beneficial?

- ldentifies unobserved (latent) categorical variable subgroups within a
population of continuous variable manifestations




PROC FACTOR: Example Code

PROC FACTOR DATA=work.addhealth
METHOD=PRIN
VARDEF=DF
SINGULAR=1E-08
PRIORS=0ONE
ROTATE=NONE;
VAR H2T046 H2T052 H2TO056 H2TO60 H2TO064 H2FV12 H2TOS H2TO37;
BY H2FS16;
RUN;




Latent Class Analysis Procedure

» How can an LCA be beneficial?

- ldentifies unobserved (latent) categorical subgroups within a
population of categorical variable manifestations




Latent Class Analysis Procedure Ypenama

» How can we conduct such an analysis?

- PROC CATMOD
Already available within Base SAS
Multivariate loglinear modeling capabilities

Completed in two steps
Maximization step and Expectation step

- PROC LCA
Designed by PennState University
Created specifically for carrying out Latent Class Analysis
Available via download from website: http://methodology.psu.edu




PROC LCA I pnamma

» This procedure is easily manipulated and executed

- Able to easily add other features

Can choose whether or not to run with covariates
- Can easily specify:

Grouping variables

Measurement invariance
proc lca data=ADD_Total LCA;
nclass 2;
1tems MoodDepl MoodConsiderS2 MoodPlanS3;
categories 2 2 2;
seed 861551; run;




Latent Transition Analysis >
Procedure <

» How can an LTA be beneficial?

- ldentifies unobservable (latent) longitudinal variable subgroups within
a population




PROC LTA I pnamma

» Latent transition analysis
- Special class of LCA where latent variables change over time

» This procedure is easily manipulated and executed
- Able to easily add other features
Can choose whether or not to run with covariates
- Can easily specify:
Grouping variables
Measurement invariance




PROC LTA: Example Code Ypenama

PROC LTA DATA=Add Health OUTPOST=Add Health Result;
NSTATUS 5;
NTIMES 3;
ITEMS AlcoholLifel AlcoholDay2 AlcoholDaySP3 AlcoholBinged4 AlcoholGet5;
CATEGORIES 3 2 3 2;
GROUPS gender;
GROUPNAMES male female;
MEASUREMENT TIMES GROUPS;
COVARIATES1 AlcoholLifel AlcoholDay2 AlcoholDaySP3 AlcoholBinge4 AlcoholGet5;
REFERENCEL1 1;
SEED 409621; RUN;




Latent Trajectory Analysis I e Ems

» Latent trajectory definition
- Hidden processes of how data is changing over time

» Another way to explore the effect of unobserved variables over time
- Latent trajectories can not be measured with PROC LTA
> Proc Traj is a procedure developed by Bobby L Jones
» Theory:
- Estimates a discrete mixture model for longitudinal data grouping
> Groupings represent:
Distinct subpopulations
Components of discrete approx of complex data distributions




PROC TRAJ: Example Code Ypenama

proc traj data=Add Health out=Add Health Result outstat=healthstat
outplot=healthplot ci95m;
var AlcoholDayl AlcoholBinge4;
indep dl-di4;
model zip;
ngroups 4;
start -5 -.500000 .500 70 10 10 10;
order 0 2 2 2;

%Wtrajplotnew (healthplot,healthstat, “Daily Alcohol Use”, “Alcohol Binge~?)
run;




Structural Equation Models w/ >
Latent Variables N

» Structural Equation Modeling includes:
- Analysis of covariance structures and mean structures
> Fitting systems of:
Linear structural equations
Factor analysis
Path analysis

» Furthermore:

- Analysis of covariance models - model for observed variances and covariances
- Analysis of mean structure models - model for observed means
> Covariance structures (1) and mean (2) but sometimes both!

20


Presenter
Presentation Notes
In terms of mathematical techniques, these processes are more or less interchangeable, based on analyzing the mean and covariance structures. The only catch being that the different analysis types emphasize different aspects of the analysis. making it plausible for SAS To have a dedicated procedure Structural equation modeling.

Furthermore….

The analysis of covariance structures refers to the formulation of a model for the observed variances and covariances among a set of variables. The model expresses the variances and covariances as functions of some basic parameters. 

Similarly, the analysis of mean structures refers to the formulation of a model for the observed means. The model expresses the means as functions of some basic parameters. Usually, the covariance structures are of primary interest. 

However, sometimes the mean structures are analyzed simultaneously with the covariance structures in a model. 







PROC CALIS I pnamma

» Consider the assumption of latent factors
- Want to explore the structural relationship between factors
- We get a modeling scenario for factor-analysis
» PROC CALIS provides two modeling languages for factor-
analysis
- FACTOR: a non-matrix based model specification language
Supports exploratory and confirmatory factor analysis

- LISMOD: matrix based model specification language
Specify parameters in LISREL model matrices

21



PROC CALIS e

» Consider the relationship between observed and latent

- Observed variables are not limited to measured indicators of latent factors
- We get a modeling scenario for path modeling

» PROC CALIS provides three modeling languages for path
analysis
- PATH: a non-matrix based model specification language
Specify path-like relationships among variables
- RAM: matrix based model specification language
Specify paths, variances, & covariance parameters
> LINEQS: equation based language
uses linear equations to specify functional or path relationships

22



ADD Health Dataset




ADD Health Dataset Introduction

» National Longitudinal Study of Adolescent Health (AD
- Adolescents in grades 7-12
> Followed through adulthood
- Wave IV participants aged 24-32

» Goal

- Adolescent
Social environments and behaviors

- Adulthood
Health and achievement outcomes

D Health)

24



Breakdown of the Measurements

Family » Social
Neighborhood » Economic

4

4

» Community » Psychological
» School » Physical
4
4
>

Friendships
Peer Groups
Romantic Relationships



Breakdown of the Dataset Y ehama

Wave | (1994-1995) Wave [Il (2001-2002)
In-school samples and In-home samples and interviews
questionnaires Partner In-home Interview
In-home samples and interviews Biological Specimen Collection
School Administrator Questionnaires Wave IV (2008-2009)
Parent Questionnaires In-home samples and interviews
Wave Il (1996) Biological Specimen Collection

In-home samples and interviews
School Administrator Interview
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Methods




Data Cleaning Procedure X PEEms

» Missing Variables
- Check, identify, and control
» Drop-out Rate
- 4834 /6504 participants (74%) remained in the study

- ldentify dropped participants, adjust data used
» Review Data

- Check for inconsistencies between the years in questionnaire
structure, restructure questions accordingly
» Weights

- Nationally representative sample
- Use weights calculated from principle investigators

28



Polychor Macro Y enamma

» Use of both binary and Likert scale items

» Magnitude of correlations shrink due to range restrictions

%polychor(data=ADD Health FA, var=AlcoholLifel AlcoholDay2
AlcoholDaySP3 AlcoholBinged4 AlcoholGet5 type=corr);

29



Types of Regression Models > phorma

Linear Regression

Response Surface Regression

Partial Least Squares Regression

Generalized Linear Regression
Logistic Regression

Other Generalized Linear
Models

Regression for Ill-Conditioned
Data

Quantile Regression
Nonlinear Regression
Nonparametric Regression
Local Regression
Smooth Function
approximation
Generalized Additive Models
Robust Regression
Regression with
Transformations
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Choosing a Regression Model Ypenama

» Consider the Question and Measures
- What are the assumptions of the question
Null/alternative hypotheses, etc.
- How well do the observed metrics represent the idea
» Consider nature of the variables
> Binary, Ordinal, Continuous, Discrete
» Consider assumptions of the model
- Normality, linearity, homoscedasticity, independence, sample size, etc

31



Alternative R? and Model Fit >
Statistics ©

» Using the Appropriate RA2

- PROC SURVEYLOGISTIC / LOGISTIC option is available for Cox-Snell R
A2

Problem with upper-bound
Max re-scaled RA2 is SAS® solution

» Other options (Allison, 2014)

- McFadden RA2
> Tjur RA2
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Alternative R2 and Model Fit >
Statistics ©

» Goodness of Fit

> In PROC SURVEYLOGISTIC / LOGISTIC, goodness-of-fit is measured in
three ways

Akaike’s Information Criterion (AIC)
Schwarz Criterion (SC)
Maximized value of the logarithm of the likelihood function multiplied by -2
(-2 Log L)
» Other Options (Allison, 2014)
- Hosmer-Lemeshow test
- Standardized Pearson sum of squared residuals
> Stukel’s test
- The information matrix test
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Descriptive Statistics Y pharma

» PROC REPORT and PROC CONTENTS

- Helps to summarize and display the data so that | know what is in my
dataset

» PROC FREQ and PROC UNIVARIATE

- Helps explore some basic relationships within the data as it is in survey
format

» PROC CORR

- Helps control for multicollinearity
- Able to exclude variables too highly correlated
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Analysis




Latent Profile Analysis Example Y pnamma

» Question
- Do risk behaviors contribute to suicidal ideation in youth?
» Variables
- Suicidal Ideation, Smoking, Alcohol Use, Drug Use, Violence
» Factor Analysis Conducted
- Latent Profile Analysis and PROC FACTOR
- Restructured variables based on identified factors
» Logistic Procedure Chosen
- PROC LOGISTIC
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Without Latent Structure Analysis

Criterion

AIC
SC
-2LogL

R-Square

Test

Likelihood
Ratio

Score

Wald

Model Fit Statistics

Intercept Intercept and Covariates

Only

23420.137  22021.579

23428.357  23920.217

23418.137  21559.579

0.0655 Max-Rescaled R-Square 0.1141
Testing Global Null Hypothesis: Beta=0

Chi-Square  DF Pr>ChiSq

1858.5581 230 <.0001

2411.6208 230 <.0001

6797242.4 230 <.0001

With Latent Structure Analysis

Criterion

AIC
SC
-2LogL

R-Square

Test

Likelihood
Ratio

Score

Wald

Model Fit Statistics

Intercept Intercept and Covariates

Only

2292.821 2039.538

2298.444 3079.731

2290.821 1669.538

0.2621 Max-Rescaled R-Square 0.3889

Testing Global Null Hypothesis: Beta=0

Chi-Square DF Pr>ChiSq
621.2836 184 <.0001
565.1591 184 <.0001
9760.8719 184 <.0001






Review

» Types of latent analyses

>/ major types

> 4 types covered today
» Types of regression models

- Many different types of regression models

> Important to identify which is most appropriate
» Structural Equation Model

- Another way to work with latent variables
- PROC CALIS
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Review

» Considerations
> Data Structure
- Use of Model Fit Statistics
- Missing Data Considerations
- Model Appropriateness
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Take-Away Example Y enamma

» Question

> Do risk behaviors contribute to suicidal ideation in adolescents?
» Answer

- Results were significant

- Odds ratio review of latent groups
» Implications

- Better accuracy
> Sophisticated prevention programs

41
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