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Example

* Measurement

— Based on mother-reported height and weight

— BMl at ages 4,7, 10 and 12

— Only complete cases

— Residualized for sex and birth cohort of the child
e Sample

— Netherlands Twin Register

— 843 MZ and 1312 DZ pairs

* Research question

— Do genes and/or the environment explain stability and
change in BMI during childhood?



1) Saturated Model

2) ACE Model
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Multivariate ACE
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ACE

Age 4 Age 7 Age 10 Age 12
A Aged 0.680 0.780 0.841 0.829
Age 7 0.780 0.669 0.767 0.760
Age 10 0.841 0.767 0.801 0.793
Age 12 0.829 0.760 0.793 0.822
C Ageid 0.114 0.078 0.036 0.060
Age 7 0.078 0.186 0.129 0.147
Age 10 0.036 0.129 0.074 0.121
Age 12 0.060 0.147 0.121 0.078
E Aged 0.205 0.142 0.123 0.110
Age 7 0.142 0.145 0.104 0.093
Age 10 0.123 0.104 0.125 0.086
Age 12 0.110 0.093 0.086 0.100



ACE

Age 4 Age 7 Age 10 Agel2

A Age4 1 0.686 0.587 0.499
Age 7 0.686 1 0.779 0.693
Age 10 0.587 0.779 1 0.780
Age 12 0.499 0.693 0.780 1

C Aged 1 0.317 0.202 0.289
Age 7 0.317 1 0.816 0.826
Age 10 0.202 0.816 1 1.276
Age 12 0.289 0.826 1.276 1

E Aged 1 0.487 0.396 0.345
Age 7 0.487 1 0.574 0.522
Age 10 0.396 0.574 1 0.611

Age 12 0.345 0.522 0.611 1
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Data

# Load Data
BMIdata <- read.table(file="longdataBmI.dat’ , header=TRUE, na=-999)
head(BMIdata)

dim(BMIdata)

# Select variables for Analysis

vars <- c('BMI_aged4’, 'BMI_age7 ', 'BMI_agel0’', 'BMI_agel2’') # list of variables names
nv <- 4 # number of variables

ntv <- nV*2 # number of total variables
nt <- 4 # number of time points

selvars  <- paste(vars,c(rep(’'_twl’,nv),rep(’'_tw2’,nv)),sep="")

# Select pata for Analysis
mzData <- subset(BMIdata, zyg==1|zyg==3, selvars)
dzbData <- subset(BMIdata, zyg==2|zyg==4|zyg==5/zyg==6, selvars)

# Generate Descriptive Statistics
round(colMeans (mzData,na.rm=TRUE),3)
round(colMeans (dzbata,na.rm=TRUE), 3)
round(cov(mzData,use="complete"),3)
round(cov(dzbData,use="complete"),3)
round(cor (mzData,use="complete"),3)
round(cor (dzData,use="complete"),3)



Means

# Create Algebra for expected Mean Matrices

expMean <- mxMatrix(type="Full’,nrow=1,ncol=ntv,free=T,
labels=c('m4",'m7"', m10", m12',' md", ' m7", ' ml0', 'ml2"),
value=.1,name="expMean’)



Variance Components

# Create Algebra for variance Components

PSA <- mxMatrix(type='Diag’,nrow=nv,ncol=nv,free=c(7,7,7T,T),labels=c("Psall”, "PsA22","PsA33","Psad44") value=c(1,1,1,1),name="PsA")
PsC <- mxMatrix(type='Diag’,nrow=nv,ncol=nv,free=c(7,7,7,7),labels=c("Pscll"”,"pPsCc22","PsC33","Psc44") ,value=c(1,1,1,1), ,name="PsC")
PSE <- mxMatrix(type='Diag’,nrow=nv,ncol=nv,free=c(7,7,7,7),labels=c("Psell”,"Pse22","PsE33","PsE44") ,value=c(1,1,1,1),name="PsE")

# Create Algebra for variance Components

TeA  <- mxMatrix(type='Diag’,nrow=nv,ncol=nv,free=c(7,7,7,7),labels=c("Teall"”,"Teall" K "Teall" K "Teall"),value=c(.1,.1,.1,.1),name="TeA")
TeC <- mxMatrix(type='Diag’,nrow=nv,ncol=nv,free=c(7,7,7,7),labels=c("Tecll"”,"Tec1l","Tec1l","Tec11"),value=c(.1,.1,.1,.1) ,name="TeC")
TeE <- mxMmatrix(type='Diag’,nrow=nv,ncol=nv,free=c(7,7,7,7),labels=c("TeEll"”,"Teell","Teell","Teell") ,value=c(.1,.1,.1,.1) ,name="TeE")



Variance Components

# Create Algebra for Beta's
BeA <- mxMatrix(type="Full’,nrow=nv,ncol=nv,
free=matrix(c(F,F,F,F,
T,F,F,F,
F!T!F!F!
F,F,T,F),nv,nv,byrow=T),
C('NA","NA",'NA","NA",
BeA21l',"'NA", 'NA',"'NA",
"NA', 'BeA32’,'NA","'NA",
"NA',"NA","BeAd3’,"'NA"),nv,nv,byrow=T),
value=matrix(c(0,0,0,0,
.5,0,0,0,
0,.5,0,0,
0,0,.5,0),nv,nv,byrow=T) ,name="BeA")
BeC <- mxMatrix(type="Full’,nrow=nv,ncol=nv,
free=matrix(c(F,F,F,F,
T’F!F!F!
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value=matrix(c(0,0,0,0,
.5,0,0,0,
0,.5,0,0,
0,0,.5,0),nv,nv,byrow=T) ,name="BeC")
BeE <- mxMmatrix(type="Full’,nrow=nv,ncol=nv,
free=matrix(c(F,F,F,F,
,F!F!F!
!T!F!F’
F,T,F),nv,nv,byrow=T),
"NA','NA","'NA","'NA",
BeE21','NA", 'NA",'NA",
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"NA', NA','BeE43",'NA"),nv,nv,byrow=T),
value=matrix(c(0,0,0,0,
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0,0,.5,0),nv,nv,byrow=T) ,name="BeE ")
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# Create Algebra for Covariances
<- mxMatrix(type="Iden’,nrow=nv,ncol=nv,name="1")
<- mxAlgebra(expression=solve(I-BeA),name="1iBeA")
<- mxAlgebra(expression=solve(I-BeC),name="1iBeC")
<- mxAlgebra(expression=solve(I-BeE),name="1iBeE")

Imat
IBeA
IBeC
IBeE
COVA
covC
COVE

<- mxAlgebra(expression=iBeA%"%

<- mxAlgebra(expression=iBeC% % (PsC)% %t (iBeC)+(TeC) ,name

<- mxAlgebra(expression=iBeE

o

A
C
E

)
")
")



Covariances

# Create Algebra for expected variance/Covariance Matrices in MZ and DZ twins
expCovMzZ <- mxAlgebra( expression= rbind(cbind(A+C+E, A+C),

cbind(A+C, A+C+E)), name="expCovMZ")
expCovDzZ <- mxAlgebra( expression= rbind(cbind(A+C+E, 0.5%x%A+C),

cbind (0. 5%x%A+C, A+C+E)), name="expCovDZ")



# Create Data Objects for Multiple Groups
datamz <- mxData(observed=mzData, type="raw")
databz  <- mxData(observed=dzData, type="raw")

# Create Expectation Objects for Multiple Groups

expmMz <- mXExpectationNormal(covariance="expCovMzZ", means="expMean", dimnames=selvars)
expbDzZ <- mxExpectationNormal (covariance="expCovDzZ", means="expMean", dimnames=selvars)
funmL <- mxFitFunctionML ()

# Create Model Objects for Multiple Groups

pars <- Tist(covA, covC, covE, Imat, IBeA, IBeC, IBeE, BeA, BeC, BeE, TeA, TeC, TeE, PsA, PsC, PsSE,
CovP, COVSA, covsC, COVSE, CcorA, corC, CoOrE)

modelMzZ <- mxModel (name="Mz", pars, expMean, expCovMZ, datamz, expmz, funmL)

modelbz <- mxModel(name="Dz", pars, expMean, expCovDZ, databDz, expDz, funmL)

multi <- mxFitFunctionMultigroup(c("mMz","DZ"))

# Build model
simplexACEModel <- mxModel("simplexaCE"”, modelmz, modelbDz, multi )

# Run Model

simplexACEFit <- mxTryHard(simplexACEModel)
(simplexACESumm <- summary(simplexACEFit))
mxCompare(satFit, simplexACEFit)



Practical

. Open the script simplexModel.R

2. Walk through the first part of the script

-1=MZm, 2 =DZm, 3 = MZf, 4 = DZ4, 5 = DZmf, 6 = DZfm
. Run the first part of the script

2. Run the submodels (a =0.01)

- For each model fill out the question marks

. Make a table with the model fits
2. Report the output of the best model

. Make sure that you know what you are doing
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C E
0 0 0 0.131 0 0 0 0.162
0.230 0 0 0 0.143 0 0 0
0 0174 0 0 0 0.035 0 0
0 0 0.193 0 0 0 -0.032 0
0 0 0 0 0 0 0 0
0 0 0 0434 0 0 0 0.482
0.985 0 0 0 0.560 0 0 0
0 0.870 0 0 0 1.206 0 0
0 0 0 -0.003 0 0 0 0.038
0.066 0 0 0 -0.003 0 0 0
0 0.066 0 0 0 -0.003 0 0

0 0 0.066 0 0 0 -0.003 0

0 0 0
0.052 0 0
0 0.025 0
0 0 0.005
0 0 0
0 0 0
0.792 0 0
0 0.816 0
0 0 0
0.038 0 0
0 0.038 0
0 0O 0.038



Results

Model EP -2LL df AlIC A-2LL Adf P
1. SAT 76 32071.71 16712  1352.29 - - -
2. ACE 1 34 3213591 16754 1372.09 64.20 42 .015
3. Simplex ACE 1 28 3214194 16760 1378.06 70.23 48 .020
4. No Neg Vars 3 26 32146.57 16762 1377.43 4.63 1 .099
5. Simplex AE 3 20 32196.65 16768 1339.35 50.09 6 <.001
7. No O, 6 25 32171.44 16763 1354.56 24.87 1 <.001
8.0nly W atT1 6 23 32369.99 16765 1160.01 223.42 1 <.001




Results

A C E
0.579 0 0 0 0.127 0 0 0 0.162 0 0 0

0 0.230 0 0 0 0.142 0 0 0 0.052 0 0
0 0 0.179 0 0 0 0.030 0 0 0 0.024 0
0 0 0 0.165 0 0 0 0 0 0 0 0.006
0 0 0 0 0 0 0 0 0 0 0 0
0.715 0 0 0 0.450 0 0 0 0.483 0 0 0
0 0.979 0 0 0 0.59 0 0 0 0.798 0 0
0 0 0.886 0 0 0 1.096 0 0 0 0.808 0
0.064 0 0 0 0 0 0 0 0.039 0 0 0
0 0.064 0 0 0 0 0 0 0 0.039 0 0
0 0 0.064 0 0 0 0 0 0 0 0.039 0
0 0 0 0.064 0 0 0 0 0 0 0 0.039



AIC weights

 Inference of the model

— Choosing the ‘right’ order to drop parameters is
complex

— Choosing whether to drop parameters at all
 One solution is to not choose a best model,
but to use AIC weights
* AIC weights represent the relative probability
a model is closest to the ‘true’ model given all
the models you consider



Questions?



