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Heterogeneity

* Univariate Analysis:

— What are the contributions of additive genetic,
dominance/shared environmental and unique
environmental factors to the variance?

* Heterogeneity:

— Are the contributions of genetic and
environmental factors equal for different groups,
sex, cohort, SES, age, environmental exposure,
etc.?



Sex Limitation = Sex Differences
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Mean Differences

Regression coefficients (B) capture
the differences between the mean
levels of the trait between sexes

Not generally what we are
talking about when
discussion of sex limitation,
but very important
nonetheless.

Males Females



Variance Differences

The key question is why there
is more or less variation in one
sex rather than the other

02 capture the differences
between the variation around the
mean across the sexes

Males
Females



Both Mean and Variance Differences

If mean differences exist, but
are ignored, they can induce
variance differences

Makes it very important to
include separate means for sex
when looking at sex limitation
models

Females Males



Causes of Variance Differences

* Independent variables (millions of them) can
influence the trait to different extents in

different groups

or

* Different independent variables can influence
the trait in the different groups.



The Language of Heterogeneity

 Are the differences due to differences in the

magnitude of the effects (quantitative
differences)?

— |Is the contribution of genetic/environmental
factors greater/smaller in males than in females?

* Are the differences due to differences in the
nature of the effects (qualitative differences)?

— Are there different genetic/environmental factors
influencing the trait in males and females?
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On all of the SNPs presented, women
are affected by the polymorphism,
while men are not.

Ergo, different genes “cause” the trait
in males and females!

Or

Molecular evidence of qualitative sex
limitation
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Look at the Correlations!
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Non Sex-Limitation Model

No heterogeneity

The same proportion (%) of variance due to A, C, E equal
between groups

Total variance equal between groups
_ Vm = Vf

Variance Components are equal between groups



Non Sex-Limitation Model

Male Male Female Female
Male |a%2+c?+e? (Y4)a? + c? Female | a2+ c2 + e2 (Y4)a? + c?
Male | (%)a? +c? a+c?+e? Female | (}4)a? + c? a’+c?+e?







Multiple Non Sex-Limitation Models

* |t does not test whether the heterogeneity is
significant

* |t does not attempt to explain the sex
differences

* |t does not include useful information from
dizygotic opposite-sex twins



Scalar Sex-limitation Model

* Scalar sex-limitation (a quantitative model)

* The proportion (%) of variance dueto A, C, E
alters by a scalar (single value)

* Total variance not equal between groups

—Vm = k* Vf
— Am = k* Af
_Cm = k* Cf k is scalar
— Em = k* Ef



Scalar Sex-limitation Model

Male Male Female Female
Male |a2+c?+e? (V5)a? + c? Female | k(a2 + c2 +e?) | k((}4)a? + c?)
Male | (}%)a?+c? a’+c?+e? Female | k((}2)a? + c?) k(a? + c2 + e?)




Non-scalar Sex-limitation Model

* Non-scalar sex-limitation with opposite sex
pairs (a quantitative model)

* The total variance and proportion (%) of
variance due to A, C, E are estimated
separately for each group

—Vm # Vf
— Am # Af
— Cm = Cf
— Em # Ef



Non-scalar Sex-limitation Model
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Non-scalar Sex-limitation Model
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Non-scalar Sex-limitation Model
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General Non-scalar Sex-limitation Model

* Non-scalar sex-limitation with opposite sex pairs
(a quantitative & qualitative model)

* The total variance and proportion (%) of variance
due to A, C, E are estimated separately for each

group

— Vm # Vf
— Am # Af
— Cm #Cf
— Em 2 Ef

e Genetic correlation (by means of rA) between
DZO twins is estimated freely



General Non-scalar Sex-limitation Model
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General Non-scalar Sex-limitation Model
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General Non-scalar Sex-limitation Model
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Sex Limitation Models

Model Type Data Requirements

Non Sex-Limitation Model MZ & DZ Twins
(Classical Twin Model)
Scalar Sex-limitation Model MZm, MZf, DZm & DZf Twins

Non-scalar Sex-LImitation Model MZm, MZf, DZm, DZf & DZo Twins

General Non-scalar Sex-limitation Model MZm, MZf, DZm, DZf & DZo Twins
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Measurement Instrument

e Educational achievement test

— Total score: Ranked from highest (1) to lowest (50)
and standardized

— Subscores: Mathematics, Language, Study Skills,
World Studies

 Administered in last grade of primary school
(vage 12)

e 1181 MZM, 1185 DZM, 1445 MZF, 1175 DZF
and 2396 DZO pairs



0.8 -

0.6

0.4

0.2

Twin Correlations

il

MZM

DZM  MZF



N

Practical

Open oneACEcm (left) or oneACEcf (right)
Walk through the script
Run the script

Report the mean and the estimates for the
variance components

Be sure that you know what you are doing






Results

Boys Girls
Mean -.02 11
A .69 12
C .09 .08

E 22 .20



Practical

Open oneACES5c
Walk through the first part of the script
Run it

You run the submodels
— For each model fill in the question marks

5. Be sure that you know what you are doing

N






Results Model Fitting

Model EP -2LL df AIC A-2LL Adf P

oneACErg5c 9 35764.08 13678 8408.08 - - -
oneACEq5c 8 35764.19 13679 8406.19 11 1 .738
oneACE5c 5 35766.18 13682 8402.18 2.11 4 716
Model EP -2LL df AIC A-2LL Adf P

oneACE5c 5 35766.18 13682 8402.18 - - -
oneAE5c 4 35775.05 13683  8409.05 8.87 1 .003
oneCE5c 4 36462.77 13683 9096.77 696.58 1 <.001
oneE5c 3 38865.18 13684 11497.18  3098.99 2 <.001




Data

# Load Data
Data <- read.table(file
describe(Data, skew = F)

dim({Data)

head{Data)

# Select variables for analysis

Vars <- "ga" # list of variables names
v <- 1 # number of wvariables

ntv <—- NV*2 # number of total variables

selvars  <- paste(vars,c(rep(1,nv),rep(2,nv)),sep="")

# Select Data for analysis

mzmpata <- subset(Data, zyg==1, selvars)

dzmpata <- subset(Data, zyg==2, selvars)

mzfData <- subset(Data, zyg==3, selvars)

dzfpata <- subset(Data, zyg==4, selvars)

dzobata <- subset(Data, zyg==5, selvars) # boy-girl
# Set starting values

svMem <- .05 # start value for means for boys

symef <- -.05 # start value for means for girls
svPam <- .8 # start value for a for boys

svPCcm <- .2 # start value for c for boys

svPem <- .3 # start value for e for boys

svPaf <- .8 # start value for a for qirls

svPcf <- .2 # start value for c for qirls

svPef <- .3 # start value for e for girls

"sexLimACE. dat"”, header = TRUE, na = "99999", dec

S



Means

# Create aAlgebra for expected Mean Matrices

me arGm <— mxMatrix( type="Full"”, nrow=l, ncol=nv, free=TRUE, values=svMem, labels="meanm", name="meancm" )
meanst <— mxMmatrix( type="Full"”, nrow=l, ncol=nv, free=TrRUE, values=svMef, labels="meanf"”, name="meancf" )
expMeanMZm <- mxalgebral expression= chind{meanGm, meanGm), name="expMeanMZm"
expMmeanDZm <- mxAlgebra( expression= cbind(meanGm, meancm), name="expMeanDzZm" )
expMmeanmzf <- mxalgebra( expression= cbind({meancf, meancf), name="expMeanmzf" )
expMmeanDzf <- mxAlgebra( expression= cbind(meancf, meancf), name="expMeanpzf" )
expMeanDZo <- mxAlgebra( expression= cbind(meanGm, meancf), name="expMeanDzZo" )



Path Coefficients

# Create Matrices for path Coefficients
patham =— mxMatrix( type="Lower", nrow=nv, ncol=nv, free=TRUE, wvalues=svPam, labels="amll", name="am"
pathCm =— mxMatrix( type="Lower", nrow=nv, ncol=nv, free=TRUE, wvalues=svPcm, labels="cmll", name="cm"
pathEm =— mxMatrix( type="Lower", nrow=nv, ncol=nv, free=TRUE, wvalues=svPem, labels="emll", name="em"
pathaf =- mxMatrix( type="Lower", nrow=nv, ncol=nv, free=TRUE, wvalues=svPaf, labels="afll", name="af"
1
1

pathcf <— mxMatrix( type="Lower", nrow=nv, ncol=nv, free=TRUE, values=svPcf, labels="cf11", name="cf"

pathef <- mxMatrix( type="Lower", nrow=nv, ncol=nv, free=TrRUE, values=svPef, labels="efll", name="ef" )

athra <— mxMatrix{ type="Full", nrow=1l, ncol=l, free=TRUE, wvalues=.5%, label="rall", lbound=0, ubound=1, name="ra" )
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# Create 41gebra for
mxAlgebral
mxalgebral
mxAlgebral
mxAlgebral
mxAlgebral
mxAlgebral

COVAM
covem
CovEm
covAaf
covCT
covET

Variance Components

variance Com ponents

EHPFE551DH am %%
expression=cm %*%
expression=em %°%
expression=af %°%
expression=ct %°%
expression=ef %°%

t{am),
t(cm),

(em),
t(af),
t{cf),
t({ef),

name="Aam"
name="<cm"
name="Em"
name="Aaf"
name="Cf"
name="Ef"



Covariances

# Create Algebra for expected variance/Covariance Matrices in MZ & DZ twins

covPf =— mxAlgebral expression= AF+CT+EFf, name="vf" )

covPm <- mxAlgebral expression= Am+-Cm+Em, name="vm" )

covMZ T <- mxAlgebral expression= Af+Cf, name="cMzf" )

covDZ <- mxAlgebra( expression= 0.5%x%Af+ Cf, name="cDzf" )

COVMZMm <- mxAlgebral expression= Am+Cm, name="cMZm" )

covDZm <- mxAlgebra( expression= 0.5%x%Am+ Cm, name="cDZm" )

covDZTm =— mxATgebral expression= 0.5% wrA%xk(afz wt(am))+cfe %t (cm), name="cDZfm" )

covDZmf <— mxAlgebral expression= 0.5%"%rax<%(amy *%t{af))+omx*%t{cft), name="cDZmf"

expCovMZf =- mxalgebra( expression= rbind( chind(vf, ocMzZf), cbind(t(cMzf), vf)), name="expCowMmzf" )
expCovDZf =- mxalgebra( expression= rbind( cbind(vf, cbzf), cbind(t(cpzf), vf)), name="expCovDZf" )
expCovMZm =- mxAlgebra( expression= rbind( cbind(vm, cMZm), cbind(t(cMzZm), vm)), name="expCowvMZm" )
expCovDZm <- mxAlgebral expression= rbind( cbind(vm, cDZm), cbind(t{cDZm), vm)), name="expCovDZm" )
expCovDZo =- mxAlgebral expression= rbind( cbind(vf, cDZmf), cbind(cDZtm, Vvm)), name="expCovDZo )
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Covariances

# Create Algebra for expected variance/Covariance Matrices in MZ & DZ twins

™ 1 '-. & '-. 1 | . W A1 L |
expCovDZf =- mxAlgebra( expression= rbind( cbind(vf, cbzf), cbind(t(cpzf), vf)
expCovMZm =- mxAlgebra( expression= rbind( cbind(vm, cMZm), cbind(t(cMZm), wm)
o OvDFm < 1ehral expre 1 0n= ' (_cbhind v O m hind(t (cOFm}, Wm) name="expCovDZm"
expCovDZo <- mxAlgebra( expression= chbind(vf, coZmf), cbind(cDzfm, vm)), name="expCovDZo"

covPf - mxAlgebra( expression= Af+Cf+Ef, name="vf" )

covPm <- mxAlgebral expression= Am+-Cn+Em, name="vm" )

covMZ T <- mxAlgebra( expression= Af+Cf, name="cMzf" )

covDZ <- mxAlgebral expression= 0.5%x%aAf+ Cf, name="cDzf" )

COVMZMm <- mxAlgebra( expression= Am+Cm, name="cMZm"

cowbDEm —— mxAlgebral expression= 0, 5%x%Am. Cm, pame=—"cDFm"

covDZfm <- mxAlgebra( expression= 0.5%*%rasxx(afx %t (am))+cf% %t (cm), name="cDZfm" )

covDZmft =— mxAlgebra( expression= 0.5%*%rasxx(amx %t (af) )+om®a %t (cf), name="cDZmf" )

TN mRATgEbrar expression=s Tt ot ram i creomMz e, Ve T T, mame="expCovMzZ "

, name="expCovDZ{"
, Name="expCovMZm"
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# Create Data Objects for Multiple Groups

dataMZm
dataDZm
datamzf
datapzf
databDzo

<- mxDatal observed=mzmData, type="raw" )
<- mxDatal observed=dzmData, type="raw" )
<- mxDatal observed=mzfData, type="raw" )
=- mxDatal observed=dzfData, type="raw" )
=- mxDatal observed=dzoData, type="raw" )

# Create Expectation Objects for Multiple Groups

expMZm
expDZm
expmMzf
expDzf
expDZo
FunmML

=- mxExpectationNormal( covariance="expCovMZm", means="expMearnMzZm',
<- M¥ExpectationMormal [ covariance="expCovDZm', means="expMeanDZm',
<- MXExpectationMormal( covariance="expCovMZf", means="expMeanmzf",
<- mMXExpectationMormal( covariance="expCovDZf", means="expMeanDzf",
=- mxExpectationNormal( covariance="expCovDZo", means="expMeanDZo',
=— mEFitFunctionmL ()

# Create Model oObjects for Multiple Groups
=- 1ist( meanGm, patham, pathCm, patheEm, covaAm, covCm, covEm, covPm, pathra J

<- T1ist( meansf, pathaf, pathcf, pathef, covaf, covcf, covef, covrf, pathra )

<- mxModel( parsm, covMZm, expCovMZm, expMeanMZm, datamMZm, expMZm, funML, name="MzZm" )
<- mxModel( parsm, covDZm, expCovDZm, expMeanDZm, dataDZm, expDZm, furnML, name="DZm" )
=- mxModel( parsf, cowzf, expCowMzf, expMeanMzf, datamzf, expmzf, funMmL, name="mzf" )
=- mxModel( parsf, covDzf, expCovDzf, expMeanDzf, datapzf, expozf, fumnML, name="Dzf" )

parsm
parsf

modeTMZm
mode10DZm
modeImzf
modelDzf
model1DZ o
multi

=- mxModel({ parsm, parsf, covDZmf, covDZfm, expCovDZo, expMeanDZo,
=— mxFitFunctionMultigroup( c("MZm","DZm","Mzf","Dzf"," "DZ0") )

dimnames=selvars
dimnames=selvars
dimnames=selvars
dimnames=selvars
dimnames=selvars

M M’ Mt S’ e

dataDZo, expDZo, funML, name="DZo" )



# Create Algebra for variance Components

I owWvC - rep('vc",nv)

colvem <- rep(cC’am’,'Cm”,"Em", "Sam", "sCm”, "5Em" ), each=nv)

colvct <- rep(c(af’,'cf","ef", "saf’, 'scf", "5eF "), each=nv)

estTvem <- mxAlgebral( expression=chind(Am,Cm,Em,Am/Vm,Cm/vm,Em/Vm), name="vcm", dimnames=11st(rowvC,colvcm))
estvCcf <- mxalgebral expression=chind(af,cf,ef ,af /vf,cf /vf,Ef /vf), name="vcf", dimnames=1ist(rowvc,colvcf))

# Create Confidence Interval Objects
C1ACE <- mxCI( c("vcf[1,1:3]","vem[1,1:3]") )

# Build Model with Confidence Intervals
modelACErg <- mxModel( "oneACErq5c”, parsm, parsf, modelMzm, modelDZm, modelMzf, modelpzf, modelDzo, multi, estvim, estvCf, ciacCE )

B
# RUN MODEL

# Run General Sex Limitation ACE Model
fitacerg <- mxRun{ modelACErg, intervals=T )
SUmMACETr(Q <- summary{ TitaCErqg )

# Print Goodness-of-fit statistics & Parameter Estimates
fitGofs (FitaCErqg)
fitEstvCcfm(fitACErg)



