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Measurement Invariance: 
Factor Model
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Correlations across 
Substances: Add Health

Stimulants Tranquilizers Marijuana

Stimulants 1

Tranquilizers 0.74 1
Marijuana 0.63 0.66 1

Factor 
Loadings 0.84 0.87 0.75

Aged 18-26; N=864

Medland & Neale (2010) An integrated phenomic approach to 
multivariate allelic association 

European Journal of Human Genetics 18, 233–239



• Univariate associations 
• Stimulants:      χ2=3.88, β= -.18, p < .05 

• Tranquilizers:  χ2=1.65, β= .13, NS 

• Marijuana:       χ2=2.60, β= .11, NS 

• Factor level association 

• χ2=0.65, kF= .06, NS 

• Multivariate association 
• χ2=13.91 (3df; p < 0.005)   

– kStimulants    = -0.19 

– kTranquilizers= 0.14  

– βMarijuana     = 0.11 
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Measurement Invariance 
Classic Papers

Meredith, W.  (1993) Measurement invariance, factor analysis, and 
factorial invariance.  Psychometrika 58:525–543 

Millsap RE & Jenn Y-T (2004) Assessing Factorial Invariance in Ordered-
Categorical Measures. Multivariate Behavioral Research 39:479-515 

Widaman KF, Ferrer E, & Conger RD (2010). Factorial Invariance within 
Longitudinal Structural Equation Models: Measuring the Same 
Construct across Time. Child Dev Perspect 4:10–18 

Vandenberg, RJ & Lance, CE (2000). A Review and Synthesis of the 
Measurement Invariance Literature: Suggestions, Practices, and 
Recommendations for Organizational Research. Organizational 
Research Methods 3:4–70



Invariance: Five Potential 
Types of Difference
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Invariance Models of Factor-
Level Effects wrt Sex and Age
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Non-Invariance Models of Item-
Level Effects wrt Sex and Age
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Application: National Survey of 
Drug Use in Households (NSDUH)

Substance Abuse and Mental Health Services 
Administration (SAMSA) regular data collection 

~50,000 persons per assessment 

Face-to-face Interviews(!) 

Audio-Computer-Assisted Testing



A1 During the past 12 months, did using marijuana or hashish cause 
you to have serious problems like this either at home, work, or 
school? 

A2 During the past 12 months, did you regularly use marijuana or 
hashish and then do something where using marijuana or hashish 
might have put you in physical danger? 

A3 During the past 12 months, did using marijuana or hashish cause 
you to do things that repeatedly got you in trouble with the law? 

A4 Did you continue to use marijuana or hashish even though you 
thought it caused problems with family or friends?

Map Items to DSM-IV Substance 
Abuse and Dependence Criteria



DSM-IV Dependence Criteria
D1 During the past 12 months, did you need to use more marijuana or 
hashish than you used to in order to get the effect you wanted? 

D3 Were you able to keep to the limits you set, or did you often use 
marijuana or hashish more than you intended to? 

D4 During the past 12 months, did you want to or try to cut down or stop 
using marijuana or hashish? 

D5 During the past 12 months, was there a month or more when you 
spent a lot of your time getting or using marijuana or hashish?  

D6 This question is about important activities such as working, going to 
school, taking care of children, doing fun things such as hobbies and 
sports, and spending time with friends and family.                                                  

During the past 12 months, did using marijuana or hashish cause you to 
give up or spend less time doing these types of important activities? 

D7 Did you continue to use marijuana or hashish even though you thought 
it was causing you to have physical problems?



OpenMx Function for MNI 
Testing (FIML)

#function definition:

nonInvar <- function(data, variableNames, moderatorNames, nFactors, 
testFactorMeans=NULL, testFactorVariances=NULL, testLoadings=NULL, 
testItemMeans=NULL, testItemVariances=NULL, useDeviations=T)

#example use:

vars <-  c( 'ALCA1', 'ALCA2', 'ALCA3', 'ALCA4', 'ALCD1', 'ALCD3', 'ALCD4', 
'ALCD5', 'ALCD6', 'ALCD7')
mods <- c('sex')

nsduhALC <- nonInvar(nsduh[,c(vars,mods)] , vars, mods, nFactors=1)
nsduhALCFM <- nonInvar(nsduh[,c(vars,mods)] , vars, mods, 
nFactors=1,testFactorMeans=c(T) )



Test of Factor Loading 
Invariance: Cannabis in NSDUH

Model Npar Comparison 
Model

Likelihood df AIC diffLL diffdf p Age 
Effect

Sex 
Effect

1. No Covariates (1f 
model)

20 NA 62514 78204 -93894 NA NA NA NA NA

2. Age/Sex on Factor 
Mean

22 1 62009 78202 -94395 505 2 <.0001 -3.85567 -0.09112

3. Age/Sex on Factor 
Variance 

22 1 62480 78202 -93924 33.84 2 <.0001 0.70624 0.40302

4. Age/Sex on Factor 
Mean and Variance

24 1 61893 78200 -94507 620.4 4 <.0001

5. Age/Sex on Mean 
and Loadings 

42 4 61801 78182 -94563 92.34 18 <.0001

6. Age/Sex on 
Thresholds and Factor 
Variance

42 4 61802 78182 -94562 91.2 18 <.0001



Test of Item Mean Invariance: 
Cannabis in NSDUH

Model Npar Comparison 
Model

Likelihood df AIC diffLL diffdf p Age 
Effect

Sex 
Effect

1. No Covariates (1f 
model)

20 NA 62514 78204 -93894 NA NA NA NA NA

2. Age/Sex on Factor 
Mean

22 1 62009 78202 -94395 505 2 <.0001 -3.85567 -0.09112

3. Age/Sex on Factor 
Variance 

22 1 62480 78202 -93924 33.84 2 <.0001 0.70624 0.40302

4. Age/Sex on Factor 
Mean and Variance

24 1 61893 78200 -94507 620.4 4 <.0001

5. Age/Sex on Mean 
and Loadings 

42 4 61801 78182 -94563 92.34 18 <.0001

6. Age/Sex on 
Thresholds and Factor 
Variance

42 4 61802 78182 -94562 91.2 18 <.0001



-2lnL Likelihood Ratio Test Statistics: 
Marijuana Item Means & Factor Loadings

Sex Age
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Estimating Factor Scores
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ML Estimation of Factor 
Scores
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Multiple Factor Model 
Beware Rotation
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Genetic and Environmental Factors: 
Common Pathway Model

Text
Text
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Genetic and Environmental Factors: 
Independent Pathway Model
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Application

• Used genetic factor scores to select 
extreme groups 

• Found significant association 
• Step right up - everyone’s a winner

ORIGINAL ARTICLE

Association between glutamic acid decarboxylase genes
and anxiety disorders, major depression, and neuroticism
JM Hettema, SS An, MC Neale, J Bukszar, EJCG van den Oord, KS Kendler and X Chen

Department of Psychiatry, Virginia Institute for Psychiatric and Behavioral Genetics, Virginia Commonwealth University,
Richmond, VA, USA

Abnormalities in the gamma-aminobutyric acid (GABA) neurotransmitter system have been
noted in subjects with mood and anxiety disorders. Glutamic acid decarboxylase (GAD)
enzymes synthesize GABA from glutamate, and, thus, are reasonable candidate susceptibility
genes for these conditions. In this study, we examined the GAD1 and GAD2 genes for their
association with genetic risk across a range of internalizing disorders. We used multivariate
structural equation modeling to identify common genetic risk factors for major depression,
generalized anxiety disorder, panic disorder, agoraphobia, social phobia and neuroticism (N)
in a sample of 9270 adult subjects from the population-based Virginia Adult Twin Study of
Psychiatric and Substance Use Disorders. One member from each twin pair for whom DNA was
available was selected as a case or control based on scoring at the extremes of the genetic
factor extracted from the analysis. The resulting sample of 589 cases and 539 controls was
entered into a two-stage association study in which candidate loci were screened in stage 1,
the positive results of which were tested for replication in stage 2. Several of the six single-
nucleotide polymorphisms tested in the GAD1 region demonstrated significant association in
both stages, and a combined analysis in all 1128 subjects indicated that they formed a
common high-risk haplotype that was significantly over-represented in cases (P=0.003) with
effect size OR=1.23. Out of 14 GAD2 markers screened in stage 1, only one met the threshold
criteria for follow-up in stage 2. This marker, plus three others that formed significant
haplotype combinations in stage 1, did not replicate their association with the phenotype in
stage 2. Subject to confirmation in an independent sample, our study suggests that variations
in the GAD1 gene may contribute to individual differences in N and impact susceptibility
across a range of anxiety disorders and major depression.
Molecular Psychiatry (2006) 11, 752–762. doi:10.1038/sj.mp.4001845; published online 23 May 2006

Keywords: glutamic acid decarboxylase; depression; anxiety; neuroticism; association study;
genetics

Introduction

Major depression and the anxiety disorders have high
lifetime prevalence and carry significant disability.
Family and twin studies suggest moderate familial
aggregation due primarily to genetic risk factors for
these conditions.1,2 They co-occur much more often
than predicted by chance,3 and this is likely due to
shared genetic risk.4 In addition, studies have consis-
tently demonstrated associations between high levels
of the personality trait neuroticism (N) in individuals
and increased likelihood that they suffer from one or
more of these syndromes. Twin studies suggest an

overlap between the genes for N and genetic risk for
depressive and anxiety symptoms and disorders.5–7

Many, but not all, linkage studies for these condi-
tions have focused on one individual psychiatric trait
or disorder at a time. However, acknowledging the
difficulties inherent in identifying susceptibility
genes for complex disorders like major depression
and anxiety disorders and with the knowledge
gleaned from advanced multivariate genetic epide-
miological methods applied to large population-based
twin samples, several leading research groups have
begun to expand their phenotypic definitions beyond
these disorder-based classifications created for clini-
cal use.8–10 We have previously demonstrated that one
can identify latent genetic risk factors that indicate
shared genetic susceptibility across a range of pheno-
types.11–13 Selecting subjects from the extremes of this
underlying genetic risk factor should provide a
powerful method for detecting genes of small effect
expected to contribute to complex genetic phenotypes
like major depression, anxiety disorders, and person-
ality traits such as N.14–16

Received 21 November 2005; revised 18 April 2006; accepted 28
April 2006; published online 23 May 2006

Preliminary results from this study were presented at the XIIIth
World Congress on Psychiatric Genetics, October 14–18, 2005 in
Boston, MA, USA.

Correspondence: Dr JM Hettema, Department of Psychiatry,
Virginia Institute for Psychiatric and Behavioral Genetics,
Virginia Commonwealth University (VCU), PO Box 980126,
Richmond, VA 23298-0126, USA. E-mail: jhettema@hsc.vcu.edu

Molecular Psychiatry (2006) 11, 752–762
& 2006 Nature Publishing Group All rights reserved 1359-4184/06 $30.00

www.nature.com/mp



Factor Score Notes
Factor scores do not all have same error variance 

Factor scores of A, C & E components may 
correlate highly 

Latent trait may be non-normal (Schmitt et al 2006 
Multiv Behav Res) 

Factor loadings (precision) may vary across the 
distribution and give spurious GxE results 

Variation may be discrete not continuous



What if Variation is 
Discrete?

Latent Class and Latent Profile Models 

Factor Mixture Models 

Latent Growth Curve Mixture Models 

Regime Switching



Mixture Distributions

Skewness in a set of 
measurements of the ratio of 
forehead to body length of 
crabs 

Two species or one?

Pearson, K. (1894). Contributions to the mathematical theory of 
evolution. II. skew variation in homogeneous material. Philosophical 
Transactions of the Royal Society of London A, 186, 343-414.



Data & Model
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Conditionally
Independent?!

Expensive!

Searching For Valid Psychiatric Phenotypes: Discrete Latent
Variable Models

Jeannie-Marie S. Leoutsakos, PhD, MHS1, Peter P. Zandi, PhD, MHS2, Karen Bandeen-Roche,
PhD3, and Constantine G. Lyketsos, MD, MHS1,2
1Department of Psychiatry and Behavioral Sciences, Johns Hopkins University School of Medicine
2Department of Mental Health, Johns Hopkins Bloomberg School of Public Health
3Department of Biostatistics, Johns Hopkins Bloomberg School of Public Health

Abstract
Introduction—A primary challenge in psychiatric genetics is the lack of a completely validated
system of classification for mental disorders. Appropriate statistical methods are needed to
empirically derive more homogenous disorder subtypes.

Methods—Using the framework of Robins & Guze’s (1970) five phases, latent variable models to
derive and validate diagnostic groups are described. A process of iterative validation is proposed
through which refined phenotypes would facilitate research on genetics, pathogenesis, and treatment,
which would in turn aid further refinement of disorder definitions.

Conclusions—Latent variable methods are useful tools for defining and validating psychiatric
phenotypes. Further methodological research should address sample size issues and application to
iterative validation.

Keywords
latent class analysis; phenotype; validation

Introduction
A primary challenge in psychiatric genetics is the lack of a completely validated system of
classification for mental disorders (Merikangas & Risch, 2003). Without a well-defined
phenotype, the establishment of a relationship between a gene and a disorder is difficult, since
heterogeneity in the sample with respect to underlying disease process may dilute any existing
effects. For example, if a gene were associated with a certain type of depression, the estimated
odds ratio for the association would be biased toward one if individuals without depression,
or with a different type of depression were misclassified as diseased. It is therefore not
surprising that relatively few genetic findings have been replicated (Burmeister, et al 2008).
This problem is not limited to genetics; heterogeneity within samples complicates most areas
of psychiatric research, including neuroimaging, pharmacological response, and studies of
patient outcomes.

Corresponding Author: Jeannie-Marie Leoutsakos, Johns Hopkins Bayview Medical Center, Alpha Commons Bldg - 4th Floor, 4940
Eastern Avenue, Baltimore, MD 21224, jeannie-marie@jhu.edu, Tel. 410-550-9884, Fax. 410-550-1407.
The authors have no competing interests.
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Factor Mixture Model
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Growth Curve Mixture 
Model
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Regime Switching Model

Text
Text

Text

● ● ● ●● ● ● ●● ● ● ●● ● ● ●● ● ● ●● ● ● ●● ● ●

●● ● ● ●● ● ● ●● ● ● ●● ● ● ●● ● ● ●● ● ● ●● ●

● ●● ● ● ●● ● ● ●● ● ● ●● ● ● ●● ● ● ●● ● ● ●●

● ● ●● ● ● ●● ●

● ●● ● ● ●● ● ●

●● ● ● ●● ● ● ●

● ● ● ●● ● ● ●●

● ● ●● ● ● ●● ●

● ●● ● ● ●● ● ●

●● ● ● ●● ● ● ●

● ● ● ●● ● ● ●●

● ● ●● ● ● ●● ●

● ●●

● ● ●

● ● ●

●● ●

● ●●

● ● ●

● ● ●

●● ●

● ●●

● ● ●

● ● ●

●● ●

● ●●

● ● ●

● ● ●

●● ●

● ●●

● ● ●

● ● ●

●● ●

● ●●

● ● ●

● ● ●

●● ●

● ●●

● ● ●

● ● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

Posterior Probabilities of Trajectories for Individual 46 
 −2lnL= 16.108

Year

Cl
as

s

1998 1999 2000 2001

Li
gh

t
M

od
er

at
e

He
av

y

0
5

10
15

20
25

O
bs

er
ve

d 
Dr

in
ks

 p
er

 W
ee

k



No Latent Variables 
Model (Mutualism)
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Genetic Heterogeneity

Genetic factors change during development 

Height 

Neuroticism 

Detection



Different age, different genes?



Verhulst, Eaves & Neale

Cov = Acov * e-|Δage|*αa + Ccov * e-|Δage|*αc + Tcov
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Care with Ascertainment
Factor Analysis in Cases 

Latent Class Analysis in Cases 

Selection for Case Status 

Selection of (Super) Controls 

All the above can give very different results



Summary
Measurement of complex traits is complex 

Measurement invariance desirable 

ML factor scores good start 

Mixture distribution models should be tested 

Choose your study participants carefully 

Analyze what you measure, and measure well what 
you analyze


