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Two primary differences between
Males and Females.

Means Differences between the
sexes

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



Two primary differences between
Males and Females.

Variance Differences between the
sexes

o’ capture the differences

between the variation around the
mean across the sexes

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

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 covariates/definition
variables for sex when looking
at sex limitation models

Females Males



How can you have differences in variance?

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

different groups

or

e Differentindependent variables can influence
the trait in the different groups.



Sex Differences in Genetic Architecture of Complex
Phenotypes?
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bent u meerling en staat u nog niet ingeschreven bij het NTR? klik hier
om u aan te mélden en mee té doen aan ons onderzoek

DOUBLE DUTCH: fotoportretten van tweelingen

De opening op dinsdag 2 februari was een groot succes! De fototentoonstelling in het Hoofdgebouw van de Vrije Universiteit is nog vrij te
bezichtigen tot en met 30 juni.

Op 17 maart wordt het fotoboek gepresenteerd dat bij de fototentoonstelling hoort. Het boek kan nu al worden besteld, het wordt dan bezorgd
of voor u klaargelegd om 17 maart op te halen. Klik op de foto voor meer informatie.

Welkom op de website van het Nederlands Tweelingen Register
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NTR-deelnemers
kunnen hier klikken om
hun e-mailadres aan
ons door te geven

Questions about the NTR? Click™
here to see our FAQ (in Dutch
only)

Nieuwe genen ontdekt die < g
cholesterolgehalte en
lichaamslengte kunnen
beinvioeden

NTR krijgt prachtige bijdrage uit’
NWO-groot programma

NTR-onderzoeker én tweelingop
Radio 1 over onderzoek naar
Alzheimer

Honderdste tweeling gescandw.”™
voor onderzoek naar oorzaken
Alzheimer

Klik hier om het boek d
'Tweelingonderzoek - Wat
meerlingen vertellen over de
mens' te lezen

Meike Bartels bij de Universiteit”
van Nederland over Geluk (via
YouTube)

The Guardian: Top 10 twins inw”™

children's books
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Sex-stratified Genome-wide Association Studies
Including 270,000 Individuals Show Sexual Dimorphism
in Genetic Loci for Anthropometric Traits

Joshua C. Randall*®, Thomas W. Winkler>®, Zoltan Kutalik*>®, Sonja I. Berndt®®, Anne U. Jackson’,
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Genetic Associations with Subjective Well-Being
Also Implicate Depression and Neuroticism

ABSTRACT: We conducted genome-wide association studies of three
phenotypes: subjective well-being (SWB; N = 298,420), depressive symptoms
(DS; N=161,460), and neuroticism (N =170,910). We identified three variants
associated with SWB, two with DS, and eleven with neuroticism, including two
inversion polymorphisms. The two DS loci replicate inan independent
depression sample. Joint analyses that exploit the high genetic correlations

between the phenotypes (|p| = 0. 8) strengthen the overall credibility of the
findings, and allow us to identify additional variants. Across our phenotypes,

loci regulating expression in central nervous system and adrenal/pancreas
tissues are strongly enriched for association.

Nature Genetics, accepted



Heterogeneity Questions

* 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, race, ethnicity, SES, environmental exposure,
etc.?



The language of heterogeneity

 Arethese differences due to differencesin the
magnitude of the effects (quantitative)?

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

e Arethe differences due to differencesin the
nature of the effects (qualitative)?

— Are there different genetic/environmental factors
influencing the trait in males and females?



Look at the Correlations!
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Homogeneity Model

Male Male Female Female
Male az + c2 + e? Female az + c? + e?
Male 5a? + ¢? a2 + c? + e? Female 5a? + ¢? a? + c? + e?




Homogeneity

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
— Am = Af
— Cm = Cf
— Em = Ef



Scalar Heterogeneity Model

T 71\ > T,
Male Male Female Female
Male a? +c?+e? Female k(@2 +c?2+e?)  Vk(5a? +c?)
Male ba? +c? a2 +c?+e? Female Vk(.5a2 +c2) | k(a2 +c?+e?)




Scalar Heterogeneity

* Scalar sex-limitation (Quantitative)

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

e total variance not equal between groups

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



Heterogeneity Model

Male Male Female Female
2 2 2 ' ' 2 2 2 ' '
Male a,” +c, ~+e |.5a a +c C'_ Female as +tc+e” | .Daa +ccCl
' ' 2 2 2 ' ' 2 2 2
Male Da a' +c c' |a c+c +e. Female Daa; +cc | a° +cfte




Non-Scalar Heterogeneity

* Non-Scalar sex-limitation, can be estimated
without opposite sex pairs
(Quantitative/Qualitative), but...

— Reduced power

* The total variance and proportion (%) of variance
dueto A, C, E not equal between groups

— Vm # Vf
— Am # Af Parameters estimated separately
— Cm # Cf
— Em # Ef
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Female Female
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General Heterogeneity

* Non-Scalar sex-limitation with opposite sex
pairs (Quantitative & Qualitative)

e The total variance and proportion (%) of
variance due to A, C, E is not equal between
groups

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



What twin groups are needed for each
Sex Limitation Model

N

Classical Twin Design MZ & DZ Twins (Sex doesn’t matter)

Scalar Sex Limitation Model MZm, MZf, DZm & DZf Twins
(Quantitative/Qualitative)

General Sex Limitation Model MZm, MZf, DZm, DZf & DZo Twins
(Qualitative & Quantitative)



O v A W N R

Practical

. Open oneADE5ca_MB.R
. Walk trough the first part of the script
Run it

ook at you estimates

Run submodels
Be sure that you know what you are doing



scriptsOpenMx.shtml

OpenMx Scripts

2 groups Continuous

oneSATc
oneACEc
oneADEc

twoSATc
twoACEc
twoADEc

with Age Covariate Continuous

oneSATca
oneACEca
oneADEca

twoSATca
twoACEca
twoADEca

5 groups Continuous

oneSATS5ca
oneACE5ca
oneADESca

Binary

oneSATb
oneACEb
oneADEb

twoSATb
twoACEb
twoADEb

Binary

oneSATba
oneACEba
oneADEba

twoSATba
twoACEba
twoADEba

Binary

oneSATSba
oneACESba
oneADESba

Ordinal

oneSATo
oneACEo
oneADEo

twoSATo
twoACEo
twoADEo

Ordinal

oneSAToa
oneACEoa
oneADEoa

twoSAToa
twoACEoa
twoADEoa

Ordinal

oneSAT50a
oneACESoa
oneADESoa

Mean/Variance Ordinal

oneSATm
oneACEm
oneADEm

twoSATm
twoACEm
twoADEm

Mean/Variance Ordinal

oneSATma
oneACEma
oneADEma

twoSATma
twoACEma
twoADEma

Mean/Variance Ordinal

oneSAT5ma
oneACE5ma
oneADES5ma

Joint
miFunctions

twoSAT]
tWOACE]
tWOADE]

Joint

twoSATja
twoACEja
twoADEja

Joint



MEAN DIFFERENCES

# saturated Model
# Create Matrices for Covariates and linear Regression Coefficients

deflge <- mxMatrix( type="Full", nrow=1l, ncol=1l, free=FALSE, labels=c("data.age"), name="Zge" )
pathBf <- mxMatrix( type="Full", nrow=l, ncol=l, free=TRUE, values=.01, label="bfll", name="bf" )
pathBm <- mxMatrix( type="Full", nrow=1l, ncol=l, free=TRUE, values=.01, label="bmll", name="bm" )

¥ Create Algebra for expected Mean Matrices

meanGt <- mxMatrix( type="Full", nrow=l, ncol=ntv, free=TRUE, values=svMe, labels=labMezZf, name="meanGf" )
meanGm <- mxMatrix( type="Full", nrow=l, ncol=ntv, free=TRUE, values=svMe, labels=labMeZm, name="meanGm" )
meanGo <- mxMatrix( type="Full", nrow=1l, ncol=ntv, free=TRUE, values=svMe, labels=labMeZo, name="meanGo" )

expMeanzf <- mxAlgebra( expression= meanGf + cbind(bf%*%Lge,bf%*%Lge), name="expMeanzf" )

expMeanZm <- mxAlgebra( expression= meanGm + cbind (bm%*%LAge,bm%*%Lge), name="expMeanzZm" )
expMeanZo <- mxAlgebra( expression= meanGo + cbind(bf%*%LAge,bm%*%Age), name="expMeanZo" )



Quantitative Sex-Differences

# Create Matrices for Path Coefficients

pathaf
pathDf
pathEf
pathZm
pathDm
pathEm
pathRg

<- mxMatrix(

<— mxMatrix(
<—- mxMatrix(
<— mxMatrix(
<— mxMatrix(
<— mxMatrix(
<— mxMatrix(

type="Lower",
type="Lower",
type="Lower",
type="Lower",
type="Lower",
type="Lower",
type="Full", n

nrow=nv,
nrow=nv,
nrow=nv,
nrow=nv,
nrow=nv,
nrow=nv,

$ Create Algebra for Variance Components

covAf
covDf
covEE
covAm
covDm
covEm

<- mxAlgebra(

<- mxAlgebra (
<- mxAlgebra (
<—- mxAlgebra (
<- mxAlgebra(
<- mxAlgebra(

expression=af
expression=df
expression=ef
expression=am
expression=dm
expression=em

row=1l, ncol=l, free=TRUE,
%*% t(af), name="RAf" )
%*% t(df), name="Df" )
%*% t(ef), name="Ef" )
%*% t(am), name="Zm" )
%*% t(dm), name="Dm" )
%*% t(em), name="Em" )

ncol=nv,
ncol=nv,
ncol=nv,
ncol=nv,
ncol=nv,
ncol=nv,

free=TRUE,
free=TRUE,
free=TRUE,
free=TRUE,
free=TRUE,
free=TRUE,

values=1,

values=svPa,
values=svPd,
values=svPe,
values=svPd,
values=svPa,
values=svPe,

label="rgll",

label="afll",
label="df11",
label="efll",
label="amll",
label="dmll",
label="emll",

lbound=0,

lbound=1bPa,
lbound=1bPa,
lbound=1bPa,
lbound=1bPa,
lbound=1bPa,
lbound=1bPa,
ubound=1,

name="af"
name="df"
name="ef"
name="am"
name="dm"
name="em"

name="rg"

et et et et

)



Quantitative Sex-Differences

$ Create Algebra for expected Variance/Covariance Matrices in MZ & DZ twins

covPf <- mxAlgebra( expression= Af+Df+Ef, name="Vi" )
covPm <- mxAlgebra( expression= Am+Dm+Em, name="Vm" )
covMzZf <- mxAlgebra( expression= Af+Df, name="cMzZf" )
covDzZf <- mxAlgebra( expression= 0.5%x%Af+ Df, name="cDzZf" )

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



Qualitative Sex-Differences

covDZfm <- mxAlgebra( expression= 0.5%*%rg%x% (af%*%t (am))+df%*%t (dm), name="covDzZfm" )

covDZmf <- mxAlgebra( expression= 0.5%*%rg%x% (am%*%t (af)) +dm%*%t (df), name="covDzZmf" )

expCovMzZf <- mxAlgebra( expression= rbind( cbind(Vf, cMzf), cbind(t(cMzf), V£f)), name="expCovMZf"
expCovDZf <- mxAlgebra( expression= rbind( cbind(Vf, cDzf), cbind(t(cDzf), V£f)), name="expCovDzZf"
expCovMZm <- mxAlgebra( expression= rbind( cbind(Vm, cMZm), cbind(t(cMZm), Vm)), name="expCovMZm"
expCovDZm <- mxAlgebra( expression= rbind( cbind(Vm, cDZm), cbind(t(cDZm), Vm)), name="expCovDZm"
expCovDZo <- mxAlgebra( expression= rbind( cbind(Vf, covDzZfm), cbind(covDZmf, Vm)), name="expCovDZo" )

)
)
)
)



oneADErg5ca

testCov
oneADEQg5ca

oneADE5ca
oneAErqg5ca

oneErqg5ca
oneAE5ca

oneE5ca

Full models and Submodels

ep

11

10

-2LL

8229.5675

8313.4336

8248.9231

8262.4116

8229.5675

8992.6761

8265.9835

9010.0485

df

3643

3645

3644

3647
3645

3648

3648

3649

AIC

943.56746

1023.4336

960.92309

968.41157

939.56746

1696.6760

969.98354

1712.0484

dif -2LL

8.3866168e+01

1.9355627e+01

3.2844108e+01
-1.3920853e-06

7.6310861e+02

3.6416078e+01

7.8048101e+02

difdf p

6.1474203e-19

1.0849905e-05

1.2855588e-06

1.0000000e+00

1.1052891e-162

7.8410016e-07

2.5384122e-165



