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Basic concepts

L1 Hereditary versus inborn

B Early life “environments” may be attributed to
iInborn

L1 Hereditary versus (biological) genetic
B Environments shared by a family can resemble
genetics
[1 (overall) genetic versus specific genetic
markers (e.g. SNP)

B Genetic parameters estimated from family
relationships are OVERALL genetic effects
from ANY hereditary mechanisms .

Methodology Workshop Plans

1 Current Workshop

B Estimating Genetic-Environmental
Components and Epidemiologic Approach

[J Next Topics
B Gene Identification by GWA and Linkage
B Population Genetics and Advanced Topics




Topics Overview

L1 Heritability estimation by variance
component methods

[1 Familial aggregation

[ Cotwin & sibling regression method
[1 Random effect model

[1 Intraclass Correlation

L1 Estimating genetic variation among
unrelated (with genetic markers)

Pedigree Database




Pedigree data

[J Limiation of conventional DB

B “Relationship Code” is NOT FIXED and
changes as the relationship varies.

B Only a “matrix structure” can capture entire
relationship codes

D M 1 2 3

D X sp 0 0 0

M sp X 0 0 0

1 D M X sb sb

] 2 D M sb X sb
3 D M sb sb X

Thus, Basic Structure of Pedigree Data

ID Father ID Mother ID FamID  Age sex
105 0 0 15 67 1
106 0 0 15 65 2
107 105 106 15 39 1
108 105 106 15 38 2
109 105 106 15 35 2

110 107 197 15 11 1




Family Relationship

[0 O degree — MZ twin

O 1stdegree — Parent-Offspring / Sib-Pairs

[0 2nd degree — Grandparents-Offspring / half-sibs / Avuncular
(uncle & aunt)

[0 31 degree — cousins, great-grand parents
4t degree — 15t cousin once-removed

O @)

O

|
O 5% degree — 2n9 cousin 0 o o O m
g

¢
|
Between 1) & 2)?
2) & 3)? g

3) & 4)? | |

Intrapair Correlations

[J First things to look at!!

[0 Analogous to univariate analysis in Modeling
B |C(spouse):. control (familial environment)
m [IC(P-O):F-S/F-D/M-S/M-D
[0 Difference between F- and M- ?
m |C(Sib):B-B/B-S /S-S
[0 Difference between B-B and S-S?
[0 Difference between P-O and Sibs?
m IC(MZ)/IC (D2)
[0 Difference between DZ and Sibs?
B [C (other pairs if available)




Biometric Dissection of phenotypic
variance

Mean, variance, covariance

1. Mean (X)
2% .
X )=~ — .




Means, Variances and Covariances

2. Variance (x) and Covariance (x,y)

Var(X)=E(X - u)’

- 30— 1)

Cov(X,Y) = E(X — s, Y — )

Z(Xi — Hyx )(yi _/uY)f(Xi?yi)

Covariance Algebra

Var(X +Y)=Var(X Var(Y)+2Cov(X,Y)

Cov(X +Y,Z) = Cov(X,Z)+Cov(Y,Z)

Forms Basis for Path Tracing Rules




Covariance and Correlation

Cov(X,Y)

= JVar(X Var(Y)

Correlation is covariance scaled to range [—1,1].

Components of variance

Phenotypic Variance

e

Environmental Genetic GXxE interaction

Additi\MmeR Epistasis

Quantitative trait loci




N OAEeY

(Unmeasured) Environmental components

[1 Shared (C)
B Correlation = 1

[1 Nonshared (E)
B Correlation =0

Familial Covariation, Var-Cov matrix

Relative 1
e.g. twin1 or sib1

Bivariate normal disttribution

X ~N(p,X)
_lul_
u:
My

sib1 or twin1

Cov — exactly same

Var — assumption to
be the same




Implied covariance matrices

. a’+c’+e’
MZ ~—
- a’+c¢®  a’+ct+et
. a’+c° +e’
DZ —
la*+c¢®  a’+c’+e’
Resemblance (=Cov) =A+C + (D)

Difference : (=Var—Cov) = E

Covariances between family relationships

MZ twin (self)

DZ/ Sib

Parents-
offspring

Avuncular(2
nd)

Grandparent
S (2nd)

Cousins (39)

Spouses

Covariance Difference
(within pair) (between pair)
32+¢2 g2
5 a2+ c2 2 a2+e?
5 a2+c2 12 a2+e?
V4 a2+c2 3/4 a2+e?
V4 a2+c2 3/4 a2+e?
1/8 a2+c2 7/8 a2+e?

A+C

V2A+C
72 A+C

VaA+C

VaA+C

118 A+C
C

1.0

0.5
0.5

0.25

0.25

0.125
0.0



Graphic understanding of heritability

2
N
.&E
S
RN
© g
NS
*5* — pe~hZr
g
R,
Genotypic similarity (P2 )
0 18 Ya Yo 1
Spousecousinsavuncular siblings MZ twin
grand P DZ twins o

half-sibs  parents

General risk factor studies

[1 Conventional Epi studies

B e.g. lean body mass and bone mineral density
(dissecting “G or E” is not a topic)

B e.g. hs-CRP and insulin sensitivity
[1 Family relationship is a “nuisance” rather
than a tool

B Correlation structure should be adjusted — e.g.
random effect model

22



Must we have “family relationship”?

1 With genetic markers (SNP, etc) certain
SW tools allow “genetic variation (GV)”
attributable to ALL MEASURED MARKERS
(not the effect of the markers)

[1 The gap between heritability and GV from
specific markers?

[l GCTA is a pioneer program for this
purpose

23

Heritability Analysis
using SOLAR
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» Basics to Heritabllity

Table of
contents

S e Introduction to SOLAR
eritability Analysis
using SOLAR o Preparation for SOLAR execution

» SOLAR modeling
o AE model and ACE model (Ex.1 and 2)

» Tips for effective analysis (ex3)

» Genetic correlation analysis (Ex4)

Heritability(h2)

» Heritability is the proportion of phenotypic
variation in a population that is due to genetic
variation between individuals

» Phenotypic variation among individuals may be
due to genetic and/or environmental factors.

» Var(P) = Var(G) + Var(E) + 2 Cov(G,E)




Components of variance

O

Phenotypic |
variance !
|

l Genetic l Environmental l GxE interaction
L] 1 ; 1

. . Common/shared .

Additive Dominance Epistasis environment Residual

A) i () ; c i () :

{ { © { {

I H | 1 H | H | H

Heritability(h?)

O

» Heritability analyses estimate the relative contributions
of differences in genetic and non-genetic factors to
the total phenotypic variance in a population.

» Assuming Cov(G,E) can be controlled to o,

Broad sense heritability Narrow sense heritability

_ Var(G) 12 Var(A)

H =P = Var(P)




Phenotypic similarity

Genotypic similarity

0O 0125 0.25 0.5 1
spouse  cousins Avuncular Siblings MZ twins
grand P DZ twins
half-sibs
parents

almost 100% heritability

O

]

[ntraclass-correlation between
spouses: 0.01
cousins: 0.13

avunculars: 0.25 nz
1 I (1.0,.97

siblings: 0.48 C
dizygotic twins: 0.52 C
monozygotic twins: 0.97

4 DZ(5,52

05 §=] (.5,.482
the slope is the heritability
AV (.25,.25)
€S (.125,..13)
L-l=) (n7 Qo n1) | |




SOLAR is a package of software to perform several
kinds of statistical genetic analysis, including linkage
analysis, quantitative genetic analysis, and covariate
screening.

http://www.biostat.wustl.edu/genetics/geneticssoft/
manuals/solar210/01.chapter.html

SSH & Linux

SSH secure cell = X ¥ ol H<£35}7]
Quick Connect

>>> Host name: 147.47.67.171

Basic Linux commands
listing of directory contents
show the latest works being performed

allow file contents or piped output to be sent to the
screen one page at a time

change directory

change file access permissions (x: execute or run the
file as a program)

copy files



» Requires 2 types of file (to calculate h2)

Phenotype file

e.g. BMI

Pedigree file

- IpQ A7)

IFAMID

L 2025560 150 D00 e s s e e s s el s s o s s e

476586
476588
9244659
7825997

D
476588
9244659

4712412:

1533638
4139052

L 782%221|

583106

4519469
4519469

ID

476588
9244659
4712412
1533638
4139052
7825997

583106

>load ped name.csv

>load phen name.csv

Ofl X))

ro°

FA

63
61
55
51
53
18

o o o o o O

smoke

[ TS R SR TSR

MO 5

oo o oo o

0 0

1

[ S Y

EX

[ = R S AR

2

TW1 _f089_ TW1 f089_PY

MZTWIN IDZTWIN_y DZTWIN HHID
1

FTND

1000001
1000001
1000002
1000006
1000007
1000008

1000008
100011

File Edit view Operation Window Help
G 2 S8 % &W
& Quick Cornect ] Profiles
4 Bl WGECTAN || Add | O | A D | 2 fhomefivl ~| | add
Local Marme Size | Type 4| | Remote Name Size | Type
bl ped.cov 196,315 Micro ) BMI Fold
e=f) brni. phen 72821 PHEN ﬂ phenotypes, info 9 INFC
E] sexage it 7,092 #AE | |g@house,gz 39045 2T
Kipphen,csy 109,295 Micro @phizgz 43,720 2E
bel| GCTAjylee, ppis 2,078,687 Micro ﬂ pedigres,info B.445  INFC
broad.png a7 PNG j pedindex, cde 980 CDE
nartaw,pna 04 PMNG ﬁﬁéﬁl‘ﬁdax\.out 160,920 OUT
%] bmi.phen. bak B6.717 BAK I/ || ped.cav h 240,069 Micr
%] sexage txt bak 64944 BAK TN |EHphen cay/ 78,669 Micr
) gcta_0 920 win32 [rILETi Sy N -
I gota,pdf 120,883 Adobe
= common, pdf 656,202 Adobe o,
EIE R S ¥
Transfer | Quele
© | Source Fle | Source Directory | Destination Dire... Size | Status Speed | Time | &
i sewagetst  C¥Docurment,,  Shome/jyvles/g,., 64944 Compl,, G664 KB, 00:0,,,
i+ brl.phen CHtDocument,,,  /homedylesfa,,, 72821 Compl,,  783.0K., 000,
£ >
Connected to 1474767171 - /hor |S5HZ - aes|28-che - hrmac-mdb |9 items (569,8 KB} ﬁ

> load ped obesity_ped.csy
> |load phen obesity_phen.csv




SOLAR_ preparation

O

» Files made after loading a pedigree file
o house.gz, phi2.gz

o pedigree.info, pediindex.cde, pedindex.out

» Files made after loading a phenotype file

o phenotypes.info

SOLAR modeling

O

* C ( common / shared environment)

» A (additive genetic)

» E (error)
AE model ACE model
Solar > model new Solar > model new
Solar > trait BMI Solar > trait BMI
Solar > cov age sex Solar > cov age sex
Solar > polygenic —all (/-screen) + Solar > house
options Solar > polygenic —all (/-screen) +

options




Exercise 1. AE and ACE modeling

O

» Choose one of obesity-related traits i.e. BMI, LDL,
triglyceride etc. and analyze the heritability of it with
AE and ACE model respectively.

» Let us interpret the result.

kR A A A A R A A A A A A A A R A A A A A A A A A A A A A A A A A R T A A A AT I A A AT I AR AT I A A AT T E A AR

* Summary of BEesults *
R s s L L L L R L R LTRSS LSS

Pedigree: obesity ped.cav
Phenotypes: obesity phen.csv
Trait: BMI Individuals: 3069
1) HZr iz 0.6945588 p = B8.8221385e-101 |(Significant)

H2r S5td. Error: 0.0260236

C2 13 0.0000000

Since it was zZero, the C2 parameter has been deleted.
To keep CZ2 parameters even when they are all zero,
use the -keephouse option.

2)
Proportion of Variance Due to RAll Final Covariates Is
0.0857784

Jutput files and models are in directory BMI/

Summary results are in BMI/polygenic.out

Loglikelihoods and chi's are in BMI/polvgenic. logs.out

Best model is named poly and nulll {currently loaded)

Final models are named housepcly, house, poly, 3Spor, NOCOVAar

Wamin@ [Residual Kurtosis is 3.0311 which is too high.
See note 5 10 Thelp polygenic..




* SOLAR command
Covariate? Set up the beta parameters
Polygenic? Set up the variance parameters

1) Confidence interval = h? + zo, S.E. e.g. za; =1.96
for 95% CI.

2) SOLAR result shows variance percent explained by
total covariates counted.

3) if kurtosis is too high, See p.19.

» Our data has three kinds of HHID, namely HHID,
HHID_sib and HHID_gen

HHID : members of same family has a same number.
HHID_ sib : siblings who have same parent got a same number.
HHID_gen : In a family, each generation is numbered differently.

» How to change the current HHID.
solar> field HHID(default) HHID_sib/HHID_gen
solar> load ped ped.csv
solar> load phen phen.csv

Or modify the original file ( change the name of variables)



ACE modeling with different HHID

O

FID ID FA MO SEX MZTW HHID HHID_sib HHID_gen

3769650 9638891 3769850 3860627 2 1001 1000001 2 1002001
3769850 5332573 3769850 3860627 2 1001 1000001 2 1002001
3660627 5494079 6680787 5772595 2 1002 1000002 4 1002002
3660627 1343600 6680787 5772595 2 1000002 4 1002002
3860627 2865522 6680787 5772595 1 1000002 4 1002002
3660627 9359710 6680787 5772595 2 1002 1000002 4 1002002
6680767 2307396 1771914 442392 1 1005 1000003 6 1002003
6680787 1530397 1771914 442392 1 1003 1000003 6 1002003
6680767 9123209 4826505 442392 1 1000003 7 1002003
6225394 3252990 9633746 2860961 2 1000004 9 1002004
8225394 3084132 09633746 2860961 2 1000004 9 1002004
6225394 3072408 6584464 3252990 2 1004 1000004 10 1003004
6225394 9797325 6584464 3252990 2 1004 1000004 10 1003004

Exercise 2. AE and ACE modeling(2)

O

» Do Exercise 1 again with HHID_ sib.

» Let us interpret the result.




solar> model

Pvar : phenotypic variance
I : identity matrix

Phi2 : 2*kinship coefficient
Delta7 : dominance effect

har : total additive genetic heritability
e2 : residual genetic variance
c2 : common/shared environment

1) Use tdist command before polygenic statement. e.g.
solar > model new
solar > trait BMI
solar > cov age sex

=solar > tdist :

solar > polygenic

2) Normalizing trait e.g.
solar> model new

solar> trait i_BMI

solar> cov age sex

solar> house

solar> polygenic -screen -all



Save a model
>>save model BMI/a
>>]s BMI

AE_BMI.mod housepoly.mod nocovar.mod etc.

>>load model BMI/a

Running SOLAR with batchfiles

(el

solar EOF<<
model new

trait BMI

COV age sex
polygenic —screen
model new

trait SBP

cov age sex
polygenic —screen
model new

trait DBP

COV age sex
polygenic —screen
quit

EOF

>>>9]| seriptE stuo] 3t 2 A %3t} (name.cmd)

>>> Ao JR=s &

>>> SOLARE 4 33} 11, ped, phen 3} &

>>> SOLARO A Y7F =

2EH Fol

=
ot At ot= B9, o 240 &
2 22 80| o Ho 2



Make a batchfile for the analyses you did in both Ex.1
and 2. Then execute in server and compare the result
with previous ones.

Pp=Pg + Pe
Phenotypic correlation within a individual can be
divided into genetic correlation and environmental

correlation.

Correcting the equation above for related individuals

pp=pgR2hE+ p /(1 — k) (1 — h2)




Genetic correlation is the proportion of variance that
two traits share due to genetic causes. (pleiotropy)

pg;>0 = two traits are influenced by common
genes

Bivariate analysis using solar e.g. BMI, LDL
extend to multivariate analysis

solar> model new

solar> cov age sex

solar> polygenic



Let us estimate the genetic correlation between low-
density-lipoprotein and body mass index.

Pp= Pg \/hzzaMl\/h%DL“L Pe\/(l — hlzaMI)\/(l — hipL)

Familial aggregationQ]
Wt D S8




Familial aggregation

Familial aggregation of diseases is generally
taken as evidence for the existence of a
genetic etiologic mechanism,
environmental factors common to family
members, or a combination of both

An initial goal for many genetic
epidemiological studies is to demonstrate
familial aggregation of a disease

Risk prediction of disease from
Family History

Genetic risk prediction has raised a lot of
attention recently, and many companies
are already offering such services

However, family history is ignored in
genetic risk prediction by these
companies

Family history can be obtained easily and
at no extra cost



GWAS (SNP) vs. Family History

« GWAS (SNP)
— Only genotyped individuals
— Specific markers
— Cost 1

« Family History
— Overall genetic factors + Shared
environmental factors

— Prediction 1

Figure 1. Cumulative Incidence of Cardiovascular Events by Genetic Risk Score (GRS) Tertile and Family History of Myocardial Infarction (MI)

101 SNP GRS 12 NP GRS Family history
Tertile Tertile Family history of M
—————— 1 {HR, 1 [Reference]) --==-=1{HR, 1 [Reference]) ------ No (HR, 1 [Reference])
F——2({HR, 1.11; 35% Cl, 0.93-1.32; [P= 25] ———2{(HR, 1.17; 95% Cl, 1.00-1.36; [P=.03) Yes (HR, 1.45; 5% C
3 (HR, 1.22: 85% Cl, 1.02-1.45; [F=.03] 3 (HR, 1.14; 85% Cl, 0.94-1.38; [F=.19]) 1.21-1.75; [P<.001])
0.08
a
c =~
0.08
ki
=]
= o4
=
=
% 0.02
[an
0
a 2 4 & B o] 2 4
MNo. of Years MNo. of Years MNo. of Years
Mo. at risk Mo. at risk
Tertie 1 B878B 6845 6551 8499 B407 &178 4849 B8B83 BB42 B548 B454 BZ99 BOG4 5BV Family history of M
Tertie 2 BBS7 6815 G749 6860 6538 6349 4628 7157 7104 TOST 6938 6822 6809 4949 Mo 16814 16702 16554 16325 160583 15578 116897
Tertie 3 5778 5729 5868 5595 5498 5337 3900 3483 3448 3412 3356 3304 3214 2357 Yes 2499 2480 2450 2424 2387 2284 1850

For the 101 single-nucleotide polymorphisms (SNPs) GRS tertile 1, the mean was 95 (range, 73-99); tertile 2, the mean was 102 (range, 100-105); tertile 3, the mean was
110 (range, 106-125). For the 12 SNP GRS tertile 1, the mean was 9 (range, 4-10); tertile 2, the mean was 11 (range, 11-12); tertile 3, the mean was 14 (range, 13-19).

 The genetic risk score was not associated with
cardiovascular disease risk

» In contrast, self-reported family history remained
significantly associated with cardiovascular
disease in multivariable models



Limitations of simple Family History

« Family size
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Familial aggregation H 7} 2 H

(&

Population-based

Case-control Odds ratio (OR)
Family-based

Population-based

Standardized incidence ratio (SIR)
Family-based
Cohort

Family-based Family History Score (FHS)
Family-based Ag



The conventional case-control
design
| Familyhistory | |

Positive Negative
Cases 50 55 105
Controls 23 56 79
73 111 184

« Compare the prevalence of a family history of
the disease b/w cases and controls

« 47.6% (=50/105) of cases had a positive family
history

e 29.1% (=23/79) of controls
« OR =221

Family case-control design
| Diseasestas |

Affected Unaffected
Case relative 71 173 244
Control relative 29 134 163
100 307 407

o« 29% (=71/244) of case relatives had a disease
e 18% (=29/163) of control relatives
« OR =190
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Standardized incidence ratio (SIR)

« The expected number of disease was
calculated from the age- sex- and
period-specific incidence rates

« SIR was calculated from the ratio of
observed number (O) to expected
number (E) of disease

. SIR = Number of observed cases
~ Number of expected cases
(predicted by incidence data)

o
E



Table 3
Relative risk of CRC in relatives according to their age and gender

Relatuve characteristics O E RR 93% CI Pvalue Piond
Gender Table 2 Familial relative risk for breast cancer by ER
Female 53 3411 135 (L16-2.03)  0.002 status of the index case tumour
Male 34 3528 133 (L.15-2.00) 0002 NS

OBS EXP FRR 9594C]
Age (vears) Maothers
=50 10 4.84 207 (0.99-3.80)  0.03 . _ .
51-60 17 10.16 1.67 (0.97-2.68) 0.03 NS Al cases gas 28RE] 168 133-17
61-70 vears 28 21.87 1.28 (0.85-1.83) NS ER-negative B4 4509 1.86 146 - 227
= 70 52 32,52 160 (L.19-2.10) =0.001 ER-paositive 332 19935 167 145 - 185
Gender and age (vears) Sisters
Femnale All cases 418 20725 201 181 - 221
=50 4 232 172 (0.46-441) NS ER-negative 37 3347 161 105 - 217
51-60 5449 111 (0.36-2.60) NS NS - B ) o . .
61-70 14 9.80 1.43 (0.78-2.40) NS ER-positive 226 10681 2 183 - 24
= 70 30 1749 1.72 (1.16-2.45)  0.004 All relatives
Male All casas 1079 60605 178 168 - 155
u.{\_:l—{] f'l 2.52 2.33 [CLB-.'—J-.].P&] :\S EQ'AESE:-E'E 2 '53.36- ]‘!g |_£‘.i - 2]
51-60 12 566 212 (1.09=3.70) 0.01 NS ER positive - 206,17 a3 67 - 108
61-70 14 1207 1.16 (0.63-1.95) NS i N o - -
= T0 22 1503 146 (0.92-2.22) NS CI: confidence interval; ER: estrogen receptor; EXP: expected, FRR: familial

relative risk; OBS: cbserved.

NS, non-significant; O, observed; E, expecied; RR, relative risk; 93%
Cl, 953% Confidence Interval.
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Family History Score

» 2N 2HEE 2X=(0) - 7|t == 2HXt=(E)
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TABLE 4. Summary of estimates from proportional hazard and logistic regression analyses by different family history
classifications: Cancer Prevention Study l}, United States, 1982-1991

Famiy Proportional hazard anatysis Logistic regression analysis
hist Ralative Relalive c
ary hazard® 95% Cit e 95% C| A2 AZ, atatietic
Obsarved breast cancer
casesi 1.49 1,30-1,73 1.50 1.30-1.73 0.033 0.085 0.73
FHSt,t 1.10 1.07-1.13 1.0 1.07-1.12 0.036 0.091 0.75
Obsearved no. of breast
cancar ca.ses§
0 1.00 1.00
1 1.59 1.36-1.27 1.59 1.36-1.28
22 1.71 0.94-3.09 1.72 0.85-3.10 0.035 0.087 0.73
FHS§
0 1.00 1.00
1 1.06 0.78-1.43 1.06 0.76-1.45
2 1.64 1.27-2.14 1.66 1.29-2.19
3 2.31 1.80-2.96 2.30 1.80-2.95 0.039 0.099 0.77

* Estimates were adjustad for menopausal status, age at menarche, age when first living child was bom, history of breast cysts, oral
contraceptive use, other estrogen use, body mass index, diethystilbestrol (DES), education, religion, race, alcohol use, smoking status,
and, among postmeanopausal women, the age at which periods stopped.

t Cl, confidance intarval; FHS, family history score.

{ Observed breast cancer cases and FHS used as continuous variables,

§ Observed breast cancer cases and FHS used as categorical variables, All families with positive FHS were divided into 3 equal
groups, i.e., 1 = low FHS, first 33%; 2 = medium FHS, sacond 33%; and 3 = high FHS, third 33%.

FHS B 7harof ATy

o XFX
O
— age, sex, family sizeE 18 7=
e C}A
-
— age sex-specific incidence rateZ} 9/ 0{0f =
— relative type 112{ OtE!



Familial aggregation H 7} 2} H

Population-based
Case-control Odds ratio (OR)

Family-based

Population-based
Standardized incidence ratio (SIR)

Family-based
Cohort
Family-based Family History Score (FHS)
Family-based Ag
A, HO|
R O—
. }‘R

= Familial Relative Risk

= Recurrence Risk Ratio

= Familial Recurrence Risk
= Relative Recurrence Risk
= Relative Risk

« Define Ag as the risk ratio for a type R relative of
an affected individual compared with population
prevalence (K)

.« A = Kp/K



Familial Relative Risk (FRR) = Ag

The familial relative risk (ratio) of disease is a
standard parameter used in genetic analysis to
indicate the increased risk of disease in relatives
of affected cases compared with the risk of
disease in the general population

1. = P(family member 2 | family member 1)

rel — Life time prevalence in general population

An increased risk of disease in relatives indicates
a host genetic component to susceptibility

Ar

1. = P(family member 2 | family member 1)
R Life time prevalence in general population
| | Family memberl
D+ D-
Family D+ a b
member 2 D- - d

P(family member 2 | family member 1)

= a/(a+b) = a/(a+q) " (b=q)
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Exercises

<E 1> 938 T FEE
24 o o4
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Example - SIR

data ex_data;
set example_data;
[ dY dEg uE e v
if sex=1 then do;

if agegp=20 then do; obe_exp = 0.252 ; lip_exp = 0.019 ; end;
else if agegp=30 then do; obe_exp = 0.38 ; lip_exp = 0.063 ; end;
else if agegp=40 then do; obe_exp = 0.411; lip_exp = 0.084 ; end;
else if agegp=>50 then do; obe_exp = 0.41 ; lip_exp = 0.059 ; end;
else if agegp=60 then do; obe_exp = 0.31 ; lip_exp = 0.058 ; end;
else if agegp=70 then do; obe_exp = 0.275 ; lip_exp = 0.048 ; end;
end;

else if sex=2 then do;

if agegp=20 then do; obe_exp = 0.132; lip_exp = 0.012; end;
else if agegp=30 then do; obe_exp = 0.195; lip_exp = 0.019 ; end;
else if agegp=40 then do; obe_exp = 0.29 ; lip_exp = 0.059 ; end;
else if agegp=>50 then do; obe_exp = 0.431; lip_exp = 0.131; end;
else if agegp=60 then do; obe_exp = 0.47 ; lip_exp = 0.124 ; end;
else if agegp=70 then do; obe_exp = 0.339; lip_exp = 0.108 ; end;
end;

/* BESE Qo 2L ALY
obe_pg=obe_exp*(1-obe_exp);
lip_pqg=lip_exp*(1-lip_exp);

if agegp in (20 30 40) then agegp2 = 1;
if agegp = 50 then agegp2 = 2;

if agegp = 60 then agegp2 = 3;

if agegp = 70 then agegp2 = 4;

run;

/* SIR */

proc means data=ex_data sum maxdec=2;
class sex; /* M4 */

var obe_obs obe_exp lip_obs lip_exp ;

run;

proc means data=ex_data sum maxdec=2;
class agegp2; /* AHIOEHR */

var obe_obs obe_exp lip_obs lip_exp ;

run;

proc means data=ex_data sum maxdec=2;
class sex agegp2; /* ¥ A EH ¥/
var obe_obs obe_exp lip_obs lip_exp ;

run;

Example - FHS

a1l

/* 7HEE AEERbe, 7| T Rb g, 2Ab0] B Al A Y/

proc means data=ex_data noprint;class fid;var obe_obs;output
out=obe_obs(where=(fid~=.) drop=_TYPE_ _FREQ_) sum=obe_obs_sum;run;
proc means data=ex_data noprint;class fid;var obe_exp;output
out=obe_exp(where=(fid~=.) drop=_TYPE_ _FREQ_) sum=obe_exp_sum;run;
proc means data=ex_data noprint;class fid;var obe_pg;output out=obe_pq(where=(fid~=.)
drop=_TYPE_ _FREQ_) sum=obe_pq_sum;run;

data obe;

merge obe_obs obe_exp obe_pq ;

by fid;

obe_std=sqrt(obe_pq_sum); /* EZEEX} 7|4 */

obe_t = (obe_obs_sum-obe_exp_sum)/obe_std; /* Family History Score 7|4t */

/* FHS ranking */

if obe_t<=0 then obe_rank=0;

else if 0<obe_t<=0.517344614 then obe_rank=1,;

else if 0.517344614<0obe_t<=1.5105424144 then obe_rank=2;
else if 1.5105424144<0obe_t then obe_rank=3;

if obe_obs_sum>3 then obe_obs_sum=3;

if obe_t<0 then obe_t=0;

run;

/¥ FHS 3&& ALt/

proc univariate data=obe noprint;where obe_t>0;var obe_t,output out=quantile pctlpre=
percent_ pctlpts= 33.33, 66.66;run;

/* 1ALDL */

/* 75 HFERE, TR, 24E2] B ALY/

proc means data=ex_data noprint;class fid;var lip_obs;output
out=lip_obs(where=(fid~=.) drop=_TYPE_ _FREQ_) sum=lip_obs_sum;run;
proc means data=ex_data noprint;class fid;var lip_exp;output
out=lip_exp(where=(fid~=.) drop=_TYPE_ _FREQ_) sum=lip_exp_sum;run;
proc means data=ex_data noprint;class fid;var lip_pg;output
out=lip_pqg(where=(fid~=.) drop=_TYPE_ _FREQ_) sum=lip_pq_sum;run;
data lip;

merge lip_obs lip_exp lip_pq ;

by fid;

lip_std=sqrt(lip_pg_sum); /* HZFEHX} A& */

lip_t = (lip_obs_sum-lip_exp_sum)/lip_std ; /* Family History Score |4t
*/

/* FHS ranking */

if lip_t<=0 then lip_rank=0;

else if 0<lip_t<=1.279676565 then lip_rank=1;

else if 1.279676565<lip_t<=2.1376882107 then lip_rank=2;
else if 2.1376882107 <lip_t then lip_rank=3;

if lip_obs_sum>3 then lip_obs_sum=3;

if lip_t<0 then lip_t=0;

run;

/* FHS 3&& A&t ¥/

proc univariate data=lip noprint;where lip_t>0;var lip_t;output
out=quantile pctlpre= percent_ pctlpts= 33.33, 66.66;run;



Example - FHS

proc sort data=ex_data;by fid;run;

data ex_data2;

merge

ex_data(keep=fid sex agegp obe_obs obe_exp lip_obs lip_exp)
obe(keep=fid obe_obs_sum obe_exp_sum obe_t obe_rank)
lip(keep=fid lip_obs_sum lip_exp_sum lip_t lip_rank)

/by fid;
run;

/* FHS */

/* HIBE/

proc logistic data=ex_data2 descending;

class agegp2(ref="1") sex(ref='1") ;

model obe_obs = obe_obs_sum agegp2 sex /rsquare rl lackfit;
run;

proc logistic data=ex_data2 descending;

class agegp2(ref="1") sex(ref="1") ;

model obe_obs = obe_t agegp2 sex /rsquare rl lackfit ;

run;

/* D LDL*/

proc logistic data=ex_data2 descending;

class agegp2(ref="1") sex(ref='1") ;

model lip_obs = lip_obs_sum agegp2 sex /rsquare rl lackfit;
run;

proc logistic data=ex_data2 descending;

class agegp2(ref="1") sex(ref='1") ;

model lip_obs = lip_t agegp2 sex /rsquare rl lackfit ;

run;

/* lambda sibling */

proc sort data=ex_data;by fid fa mo;run;

proc transpose data=ex_data(keep=fid id fa mo obe_obs
where=(fa~=0)) out=ex_data_t(where=(col2~=.));

by fid fa mo;

/F7IEHE 2 B E J|&E2Z transpose */

var id ;

run;

data sib;

set /* pair2 DHE7| ¥/

ex_data_t(keep=coll
ex_data_t(keep=coll
ex_data_t(keep=coll
ex_data_t(keep=coll
ex_data_t(keep=coll
ex_data_t(keep=coll
ex_data_t(keep=coll
ex_data_t(keep=coll
ex_data_t(keep=coll
ex_data_t(keep=col2
ex_data_t(keep=col2
ex_data_t(keep=col2
ex_data_t(keep=col2
ex_data_t(keep=col2
ex_data_t(keep=col2
ex_data_t(keep=col2
ex_data_t(keep=col2

col2 rename=(coll=sibl col2 =sib2))
col3 rename=(coll=sibl col3 =sib2))
cold rename=(coll=sibl cold =sib2))
col5 rename=(coll=sibl col5 =sib2))
col6 rename=(coll=sibl col6 =sib2))
col7 rename=(coll=sibl col7 =sib2))
col8 rename=(coll=sibl col8 =sib2))
col9 rename=(coll=sibl col9 =sib2))
coll0 rename=(coll=sibl coll0 =sib2))
col3 rename=(col2=sibl col3 =sib2))
cold  rename=(col2=sibl cold =sib2))
col5 rename=(col2=sibl col5 =sib2))
col6 rename=(col2=sibl col6 =sib2))
col7 rename=(col2=sibl col7 =sib2))
col8 rename=(col2=sibl col8 =sib2))
col9 rename=(col2=sibl col9 =sib2))

col10 rename=(col2=sibl coll0 =sib2))

ex_data_t(keep=col8
ex_data_t(keep=col8
ex_data_t(keep=col9

col9

rename=(col8=sibl

col9

=sib2))

col10 rename=(col8=sibl coll0 =sib2))
col10 rename=(col9=sibl coll0 =sib2))

if sibl=" or sib2=" then delete;

run;



Example - Ag;,

proc sort data=sib;by sibl;run;

proc sort data=ex_data;by id;run;

data sib2; /* 2tZt9| ZF= merge */

merge sib(in=x) ex_data(keep=id obe_obs lip_obs
rename=(id=sib1l obe_obs=sibl_obe lip_obs=sibl_lip));
by sibl; if x;

run;

proc sort data=sib2;by sib2;run;

data obe_sib lip_sib; /* 2t2t9| Zt= merge */
merge sib2(in=x) ex_data(keep=id obe_obs lip_obs
rename=(id=sib2 obe_obs=sib2_obe lip_obs=sib2_lip));
by sib2; if x;

drop tmp;

if sibl_obe=0 & sib2_obe=1 then do;

tmp=sibl; sibl=sib2; sib2=sibl;

sibl_obe=1; sib2_obe=0;

tmp=sibl_lip; sibl_lip=sib2_lip; sib2_lip=sibl_lip;
end; output obe_sib;

if sibl_lip=0 & sib2_lip=1 then do;

tmp=sibl; sibl=sib2; sib2=sibl;

sibl_lip=1; sib2_lip=0;

tmp=sibl_obe; sibl_obe=sib2_obe; sib2_obe=sibl_obe;

end; output lip_sib;
run;

proc freq data=obe_sib;

table

sibl obe * sib2 obe

sibl_obe * sib2_lip

/nocol norow nopercent nocum
run;

proc freq data=lip_sib;

table

sibl_lip * sib2_lip

sibl_lip * sib2_obe

/nocol norow nopercent nocum

I

run;

Appendix A



Define the random variable X; to be 1 if
individual 1 is affected, and O if
unaffected

Define X, for a related individual 2 of
type R

Population prevalence = E(X;) = K
Define Ky = E(X,|X;=1) to be the
recurrence risk for a type R relative of an
affected individual

Then the probability that a proband and
type R relative are both affected is
K*Kg=E(X;X,)=Cov(X;, X,)+K?

Ke= K+ (1/K)Cov(X;, X,)

Define A as the risk ratio for a type R

relative of an affected individual
compared with population prevalence

Ax = Ko/K = 1+(1/K2)Cov(X,, X.)



V, : additive genetic variance

Vp : dominance variance

¢ : kinship coefficient

T : the probabllity the two relatives share
two alleles identical by descent

¢« Ap = 1+(1/K)QRbV,+ TV,)

* Aspouse = 1 1 noON-genetic parameter
* Mz = 1+(1/K9)(V4+Vp) : 100% genetic

* Asip = 1+(1/K2) GV, +7Vp)
. A

Parents

= 1+(1/K)GV,)



Appendix B

Familial correlation

TABLE 2. Crude and adjusted* correlation coefficients
of parental and sibling blood pressure, Anging, China,
1994-1997

Father Mother s;;[rif:g
Systolic blood pressure
Crude value
Mother 0.277
First sibling 0.248 0.296
Second sibling 0.285 0.345 0.416
Adjusted value
Mother 0.113
First sibling 0.168 0.206
Second sibling 0.218 0.216 0.328
Diastolic blood pressure
Crude value
Mother 0.150
First sibling 0.212 0.290
Second sibling 0.228 0.282 0.373
Adjusted value
Mother 0.090
First sibling 0.160 0.192
Second sibling 0.176 0.174 0.300

* Adjusted by sex, age, height, weight, smoking status, alcohol
consumption, and educational level, all p values <0.01.

% High SBP in second sibling

FIGURE 1. Percentages of high systolic blood pressure (SBP) in
second siblings in nine groups based on the blood pressure status of
the parents and first sibling (defined by the tertile (T) of percentage-
predicted SBP), Anging, China, 1924-1997. High blood pressure was
defined as higher than the 90th percentile of the percentage-
predicted SBP.



TABLE 5. Adjusted odds ratiost and 95% confidence intervals of high blood pressure in second
siblings, by parental and first-sibling blood pressure tertile, Anqging, China, 1994-1897

Blood pressure tertile§ Systolic blood pressure Diastolic blood pressure
Parents SEEﬂg ORY 95% CIY| OR 95% Cl
Mean of father and mother
Low Low 1.0 1.0
Middle 1.3 0.3-6.1 3.9% 1.1-14.2
High 3.9+ 1.1-14.4 2.8 0.7-10.7
Middle Low 3.9+ 1.1-14.4 3.2 0.8-11.9
Middle 35 0.9-13.0 31 0.8-11.8
High 5.9+ 1.7-20.7 5.5%* 1.5-19.4
High Low 4.3% 1.2-15.6 32 0.8-11.9
Middle 6.7+ 1.9-23.5 8,1%+ 2.4-27.8
High 14,3*%# 4.3-48.2 14.4%* 4.348.2
Mother only
Low Low 1.0 1.0
Middle 26 0.5-13.4 1.8 0.7-5.2
High 7.2%% 1.6-32.6 1.0 0.3-36
Middle Low 5.3*% 1.1-25.7 1.5 0.54.3
Middle 5.9% 1.3-27.1 15 0.5-4.2
High 7.9%% 1.8-34.9 3.5+ 1.3-8.9
High Low 5.4% 1.2-25.1 0.9 0.3-3.1
Middle 7.5%% 1.7-33.6 3.3+ 1.3-8.6
High 18.3+%+ 4.3-78.6 6.2%+ 2.5-155
- Father only
Low Low 1.0 1.0
Middle 1.2 0.3-3.9 0.8 0.2-2.6
High 20 0.7-6.1 2.8# 1.0-7.3
Middle Low 12 0.4-3.9 20 0.7-5.6
Middle 1.9 0.6-5.7 18 0.7-54
High 4. 1%#% 15112 2.8 1.0-64
High Low 21 0.7-6.4 0.9 0.3-3.1
Middle 3.3* 1.2-9.3 21 0.8-5.8
High 6.1%* 2.3-16.5 5.1%% 2,0-12.8

*p <0.05 ** p <0.01.

t The odds ratio for the low-low group was used as the reference value (1.0).

t Based on the percentage-predicted values.

§ Logistic regression models were used; high blood pressure, >90th percentile of percentage-predicted values.
11 Ci, confidence interval;, OR, odds ratio.

Correlation coefficients (r + standard error) between family members and h?estimates for systolic and diastolic arterial pressure

SBP* DBPt
Degree of family relationship N of de pairs

rtse rtse
Spouses 58 0.24+0.13 0.25+0.13
Father — son 53 0.26+0.14 0.26+0.14
Father — daughter 75 0.32+0.11 0.24+0.12
Mother - son 75 0.01£0.12 0.29+0.1
Mother - daughter 17 0.24+0.09 0.29+0.09
Brother - brother 11 0.35+0.28 0.50£0.24
Sister - sister 33 0.21+0.17 0.40+0.15
Brother - sister 57 0.29+0.13 0.28+0.13
h? 0.43£0.10 (p<0.001) 0.49+0.10 (p<0.001)

SBP - systolic blood pressure, DBP - diastolic blood pressure ; * - adjusted fo the covanables: age, sex, age®, age x sex, age’ x sex and BM|; T - adjusted fo the
covaniables age®, age x sex, age® x sex and BMI.



Appendix C

 95% Confidence Interval of SIR
SIR X { 1 i ZO(/Z \/O/Ez }

Appendix D



Family History Score

The FHS for i-th family
Zi= (Z;‘Oij_zjfﬁl)a Ej=1—exp _Z}‘kfﬁk
{TiEs(1-Ep)} ¢
O; is the disease indicator of i-th family’s j-th
member

The expected risk E; is given by cumulative risk
of the disease

A, is the external reference rate for the k-th
stratum

If disease is rare, E; is approximately equal to Ty
and E(-£) =~k
_ (Zjoff - ijfj)
= 12
(T%3)
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Regression Model

- Finding relationship between a dependent
variables and one or more independent variables

- Seek to ‘explain’ the variation in an outcome of
interest in terms of differences in one or more
risk factors (covariates)

- Y f (X, ﬂ) (relates Y to a function of X and p)

° y= q+Bx+e / y= [30 + BlX + €
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Topic

« Co-Twin data : MZ, DZ, SIB

- Relationship between BMI and LDL

- 1) Regression on X alone (treating twin as
individuals)

- 2)Multiple regression: including the co-twin x value
in the model

» 3)Co-twin control regression (co-twin/sib difference)

» Using SAS

Regression on X alone (treating twins

as Individuals)

» The simplest approach to find the best fitting
values of o and fc
E(K‘r) = Po + BcXi.

- Presented only as a point of comparison (not

statistically independent)

Birthweight z-score
-3 -2 -1 0 1 2 3

log2 EPO (doublings of EPO)
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Regression on X alone (treating twins

as individuals)

- PBcrepresents the average rate of change in Y for
every unit increase in X

- Y=LDL X= BMI

» Ordinary Least Squares (OLS) — treats all Y vales
as independent given the corresponding
covariate values

- However, the standard method for calculating
standard errors when using OLS is not correct in
the context of twin data (assumes independency
wrongly)

15t model result

Bc= 2.15(0.18)
P<0.0001
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Multiple regression: including the co-
twin x value in the model

- Allows the covariate effect to differ within and between
twin pairs (£ ¢12| LDLZ Co-Twin2| BMIZ Prediction)

- information about the value of Yij in the co-twin’s X
value as well as in the subject’s own X.

E(Y{'J’) = Bo + Bw (X,_-,- - Xr’-) T BB-’?J'-

- Bw gives the expected change in Y for a one-unit change
in the difference between the individual X and the twin-
pair average X value (within-pair coefficients)

- BB gives the expected change in Y for a one-unit change
in the twin-pair average X (between-pair coefficient)

Interpretation

. Bw= E(MZ)
15 A + E (DZ/SIB)

- BB = A+ C + E (overall effect)



e —

Interpretation

- If B ~0- only association is a dependence of the
outcome on within-pair difference in covariate

- If Bw = 0 - any association of Y with X, which would
then only appear in the form of a non-zero 38, can
be explained by shared twin-pair factors.

- If BB = Pw - expected change in the outcome for a
given change in the covariate is the same
irrespective of whether the comparison is made
between two twins or between two unrelated
individuals in the twin population

- If both coefficients are non-zero but not equal, the
interpretation becomes more complex

2" model result

« MZ

= Bw= 2.70(0.88) p=0.0021
= BB = 2.85(0.33) p<0.0001

DZ

o Bw= 0.81(0.96) p=NS

s BB = 1.08(0.60) p=NS
Sib

= Bw= 1.56(0.20) pP<0.0001
s BB = 1.60(0.15) p<0.0001

DZ&SIB combined

s Bw= 1.64(0.27) p<0.0001
s BB = 4.28(0.07) p<0.0001

Pooled

s Bw= 1.59(0.20) P<0.0001
s BB = 4.45(0.04) p<0.0001
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Regression using twin-pair difference
values

- widely used, approach to regression with twin
data based on analyzing paired-difference values

- X and Y values within each pair by ordering the
twins

- Compare pooled data VS.
MZ data /DZ data/Sib data/ Dz&Sib Data

E(Drr) - BWDrX*

Interpretation

- If Bw from pooled data < Bw from MZ data, then we
can assume that there are considerably high
environmental effect on the phenotype.

- If Bw from pooled data < Bw from Sib/DZ&SIB data,
then we can both assume that there are both
environmental and genetic effect on the phenotype

« If pw from MZ > Bw from Sib/DZ&SIB data, then we

can assume that there are more environmental
effect on the phenotype than genetic effect



e —

3" model result

« Pooled Pw= 1.59(0.15) p<0.0001

- MZ Pw = 2.69(0.50) p<0.0001

- DZ Bw = 0.81(0.72) p=NS

- SIB Bw = 1.56(0.16) p<0.0001

« DZ&SIB Combined Pw= 1.63(0.22) p<0.0001

Conclusion

- Multiple Regression- allows simultaneous
examination of both within-pair and between
pair effects

- Simple paired-difference analysis- when
interested in within-pair effects and the
association of Y with X
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1. Random Effect Model
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Correlated data2| 0Ojf

Repeated measures:. same subjects, same measure, succes

1.

sive times — expect successive measurements to be correlated

5

Measurement times

Yi2

Yis

25
135
14

|

133
145
150

135
155
150

160
175

Uk
K10

<Ll

ol

ol
ol

140

Y,

A
B
C

j

Randomize

Subjects, i




Correlated data®| 0§(2)

2. Clustered/multilevel studies

Level 3

Level 2

CHTEIETETETEIT T THETT T [rovers

E.g., Level 3: populations

Level 2: family
Level 1: sibling or twin

We expect correlations within populations and within family or sibling/twin

Fixed effect model 7} &

o QAHIM™O| 3|2 A, Effect size: beta, OR £..

Effect size7} SiLEC| D™ &l Zro|2t Az,
-> BetaL} OR X}A|of] 2Hp
-> MHo A& dHZ S| O|F FHoHCL.

AKX BHAl Q= effect sizeQ| == 0| ™ (Fixed)o}
Ch= 7H4.

Ofl: LtO| 7} R0l O|X|= effect7t €782 AO|Ct



Fixed effect model €tk

718 Xe| 2it= NFEl ZH(ZAH0) -> betal 2 7™ El OfEF

Var(y;) = Var(Bo + x;1 + €;) = Var(;) = o?
- It B = ME 5

of: y=g¢t, x=L}0|

Fixed VS Random??

© SN "eroro| XRHIE B4,

(1) 37li2] BHMHNM x2S &ACHEH?

Al
al

—r

-

> i HABSES CO|EAR 0| Yot T R4

2) 574°| e
> At 32X

(3) 1007lje| H

> AUHS|HEN O\ 40| 4Tt LR BCh.
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Random effect model 7}

. RN 2ZO|M SjLto| MHE HSE HO|EE S50] B
2 Mzbsict

A
rot
Y

« Effect sizeQ| B2 =™ (HZA
->> Effect size X}H|0f|l= &HAl 91 2.

r|o
(=
L=]
Id
\
N
o

Effect sizeQ| =F0| CtYStD X2 0N 2=5)= effect size52 A
X effect S|ze0| 0'-'?'--5-O|Ef M ZFSECF

« 0) 2tX}o| effect size: BA} =7} Bt AKX}V B E SXE 9|
effect size5 =%l £ QCt XI=2O0|A Q| 2tXI9| effect size= K|
AAMEH M random sampling =l Z40|2t2 7H4.

Random effect model & Ht=Al

e Y=Za+e -> yij=,80+ai+eij

71’8: Zo| 2 1t= random & Z9| Bi=2 AN E =E
= Var(ay) = 0*(F &), Var(e;)) = 0*(5 &)

Var(y;) = Var(,[?o +a; + el-j) = 0,%+0?

of: y=¢d¢, z= 7IF

- XL 7t s =™ 2k (Maximum likelihood estimator,MLE)
g o|g3}0] FHCL.

. HlSot BAFS oS, S



Mixed model9| M 1(1)

e Y=XB+Za+e (2 & modelo| Zg})

7t™4:. X fixed effect, Z= random effect. e =&

Var(y;) = 0,°+0*

ol y- B X-Lto| Z-7t5

Restrictive maximum likelihood BtH=S S| 2 AFSHCT.
(proc mixed/glimmix in SAS, Ime4 in R)

Estimation beta, sigma, Prediction a

Mixed model2| H21(2)

« Y =Xp +¢,

o X9| effect size 17, EF errorZ} =2!0| O (7=, HIES
H )

« Random effectZ} error0f Z&tE|O{ Q= model.
-> Random effecto| £ AL0| errorQ| E4AH0|| Z=etx| | QUL

Proc GENMOD(Gee in R) 0|2

GEE(Generalized Estimating Equation) 0| &

X752 FEEF(MLE)S FetCt.

-> Score function2 0| 25}0] EAIEZE -> HE=H™" -> 24

=M -> A2 WEICL



HZ2(20M =g H

« MA(1)0| M= random effect@} error0| CHst 2AHO| 7}
HEE|O0] AL

« HZ2()0IM errore] E410] H2(1)0 M 2] random
effecto] E4MtE ZSH5lD Qoo 2 0|2 150 &4t
T & X|dsliF0{of StC}. (7}F0|Lt AS0|& 12l

e E()

Types of correlation

1. Independent: V,is diagonal

2. Exchangeable: All measurements on the same uni
t are equally correlated p, , =p

>>> SN 02| HBYEE 2Lt 7150 B2
SELEER

(F272]|2| &2FE = FEXIA 7| 428t &2

o 7p2ct...)
o BetaZld} VZIS X BFCHI




0| O] A{..

Correlation
For uniti 1 P, - Pin
1
\,i=02 p21
: . p._
_pn1 p“ 1 .

For repeated measures = correl between times | and m
For clustered data = correl between measures | and m

For all models considered here V. is assumed to be same for

all units
& Pz - p1n—
V»=O'2 p21 1
| ' P.
_pn1 p” 1 a
o+ o o o

)
= g o0,to 0



Notation

* Repeated measurements: yij’ i=1,... N, subjects;

=1, ... n;, times for subject i

* Clustered data: Yijr i=1,...N,clusters;j=1, ... n,

n cluster i

» Use “unit” for subject or cluster

. Vector of measurements for unit i

measurements withi

Yis
Yio

yini

Vector of measurements for all units

« Foruniti:  E(y;)=p=XB; yi~N(u; Vi)
. X;: nxxp design matrix

. B: px1 parameter vector

. V. njxn; variance-covariance matrix,

-> correlated 9! &< CI2C).

For all units: E(y)=u=XB,
_ " - _

u = "1:2 R X =
LI i

e.g., Vi=c?l if measurements are independent

y~N(w,V)

This V is suitable if the units are independent

y:

Y,
Y,

Yn |




Choosing the Best Model

1. Mixed Model
: -2 Log-likelihood, AIC, AICC, BIC &.
-> RS2 =2 ModelO|C}HII

2. GEE

. QIC, QICu

oA
-> SR

O
rlo
<
o
Q.
®
k=)
i

AICO| o|O|??

 Likelihood ratio(7}= T H|)
et o 2 229 Xzt L= 2 “tsd

: O| A0 25 doid 7t5d0| & ModelO|LCH!
<-> - 2*log likelihood 7} 2= +& A0|E 7}5d0|
= ModelO|L}.

« AIC = - 2*log likelihood + 2*(#parameters)



2. Intraclass correlation

« Intercorrelation : H=== A}O| 9| AkZtatA|
_l

(Of: Z 40 BMIQ| A2, YEIHOZ M M 2.

of 2h2HA)



Review..

Yi=ptute

Y iR 7S 9| R phenotype

u : population®| I+ phenotype

u,: i 7= 2| random effect ~ N(0,57);

e;: error ~ N(0,07)

E(Y;) = w; var(Y;) =o + o’ ;

cov(Y;,Ym)=0, , (i=k), cOV(Y;,Y,)=0 (otherwise).
2

G —
p=— - =ICC

u e

(ICC: intraclass correlation coefficient)

ht

ICce| =&HH o

= /N 2

-

. = ICCe 7}

b
rir

oz AL

« ICC=0 -> Guz =0, = random effecto| £At0| OO|LC}. 2}
M 7tE Lo M| o2tk A ZF QI -> ZtE2| Feko| 8l
C}.

. ICC=1 ->0, =0, & random effect2 N K| 2AIS A
& = QUCE -> TpE 7| A REtA T} 1



ICCe| At

« Random effectE 0|83l 242 F=H
ICCE 78 £ QIh

 Mixed model(1):
-> Random effectQ| £ Al

(Random effectO| EAt+residuale| £4H)

* Mixed model(2): GEE

-> p7} ICCL}.
1 p12 p1n
1
Vi=0'2 p,21 ,
: s P
_pn1 p 1 _
0'1er2 o) o)
= J 01+02 o))
a; o) 01+0'2
2
__ 01
p =



AlLH(2)

« ANOVA tableO| 235} et 5= QULCE(SASH| Al macroM]
Ofgt...)

Source of Variation Sums of Squares D‘f ifjj;f Mean Squares E(MS)
N A SRR _ SSH 3 ;o
Between schools SS, = lelu (v,—-v) n-1 MS, = — o, +n' o
. _ ] s - SSu
Within schools S8, = Z'Z." (v,—»,) ;nr, -1 S i(”. -1 o’
Total S8, = ZZ w, —;_}‘ Zn, -1
i=ml j=l i=l
: n 7 [ m
MS . — MS,. / 1 2/
C = MS 5 — M5y, n' = _ Z n, — Z n/ Z n,
MS, +(n'—1) MS,, n=1['5 R

3. 45 (SAS & R)



1. Continuous data(SAS)

: Proc GENMOD
Proc mixed
proc genmod data=kkk2;

proc mixed data=kkk2; class FID ;
class FID ; model BMI=LDL;

IS A repeated subject=FID/ type=exch corrw;
model BMI= LDL /solution; run;

** Fixed effect Q=
random FID / solution;

** Random effect Q& ## exch: correlation structure 7}7.
run; -> 715 W oMol o3 = 2L
/solution : Fixed effectQ| estimator,

Random effect 2| predictorE FLotLC}.
The Mized Procedure Covariance Parameter
Estimates
Class Level Information Fov Farm Fatimate
Clazs Levals Values FII 5 B3
FID TEE 1234567681011 1213 Besidual 7.6857
1415 16 17 15 19 20 21 22 23
24 25 26 27 28 20 30 3] 32 33 . .
34 95 36 37 20 99 40 41 42 43 Fit Btatistics
i 8 i 47 40 19 50 51 53 53 o b lop Likeliioon 19855.5
fd B GF §7 62 63 70 F1 72 TR AIC (smaller 1$ hBttEl“) 15659.5
74 OTROTROTT TR D A0 81 &2 87 AICC (smallerlls hEttBI‘:‘ 15659.5
a4 95 9F 97 95 90 90 91 92 97 RIC (smaller 15 hBttEl“) 16668, 7

94 95 96 97 93 99 100 101 102
103 104 105 106 107 103 104
1o 111 112 113 114 115 116
117 118 119 120 121 122 123
124 125 126 127 128 129 130
131 132 133 134 135 136 137
138 139 140 141 142 143 144
145 146 147 145 148 150 151
152 153 154 155 156 157 158
159 160 161 162 163 164 165
166 167 168 169 170 171 172
173 174 175 176 177 173 174

The Mized Procedure

Solution for Fizmed Effects

Eftect Estimate Stagﬂigg DF  ft%Value  Fr = |t] ICC:2.6593/(2.6593+7.6857)
Intercept 20,8010 0.2208 K] 94,20 <,0001

LIL 0.02579  0.001854 2322 13.91 <,0001 :O 2571

Folution for Bandom Effects

Atd Err
Effect FID Estimate Pred IF t Value Pr = |t|
FID 1 0.2519 1.254] 2322 0.20 0.8408
FID 2 -1.0963 0.9886 2322 -1.11 0. 2676
FID 3 0.3350 0.9884 2322 0.3 0, 7347
FID 4 -0, 2530 0.8834 2322 -0.29 0. 7746
FID 5 -0, 7676 1.0572 2322 -0.73 0. 4678
FID G -0.4215 0.6786 2322 -0.62 0.5345
FID 7 -1.2914 1.254] 2322 -1.03 0.3032
Mg zam) 0B 2% sl 00



Ezchanzeahle Working
Correlation

Correlation 0. 2096770207

GEE Fit Criteria
QIc 3083, 0953
QICun 3081, 0000
analysis 0f GEE Parameter Estimates

Eupirical Standard Error Estimates

Standard  95% Confidence

Parameter Estimate Error Limits ZPr = |Z]
Intercept. 20,8232  0.2309 20,3707 21,2758 60,18 =.0001
LIL 0.0256  0.0020 0.0217  0.0295 13,01 =.0001

« 1CC=0.2097

1. Continuous data(R)

Package(Ime4) Package(gee)

* install.packages("gee")

+ library(gee)

+ gml=gee(BMI~LDL, id=MZTWIN,
data=a, corstr="exchangeable")

® install.packages("Ime4”)

library(Ime4)

e a=read.csv("C:/kkk3.csv")

« fml=Ilmer(BMI ~ LDL +(1 | FID),a)

*  print(fml)

« ranef(fml, drop=TRUE)

« fm2=Ilmer(BMI ~ LDL +(1 | FID)+(1 |
MZTWIN),a)

« print(fm2)



> fml=lmer (BMI ~ LDL +(1 FID) ,&) > print(gml)
> print (fml)

Linear mixed model fit by REML GEE: GENERALIZED LINEAR MODELS FCR DEFPENDENT DATZ
Formula: EMI ~ LDL + (1 | FID) gee 5-function, version 4.13 modified 98/01/27 (1898
Data: a
AIC BIC logLik deviance REMLdevw Model:
e i - Link: Identity
15663 15688 -7828 15642 15655 Variance to Mean Relation: Gaussian
Random effects: Correlation Structure: Exchangeable
Groups Hame Variance 5td.Dev.
FID (Intercept) 2.6593 1.6307 Call:
Re=zidual T.6857 2.7723 gee (formuls = BMI ~ LDL, id = FIE, data = a, corstr = "exchangeable"
HNumber of obs: 3079, groups: FID, 756
Humber of observations : 30789
Fixed effects:
Estimate 5td. Error t wvalue Maximum cluster size o
(Intercept) 20.800%68% 0.220828 94,20
LDL 0.025791 0.001854 13.91 A
Coefficients:
[Intercept) LDL
Correlation of Fixed Effects: 20.82321286 0.02560247
{Intr)
LDL -0.931 Eztimated Scale Parameter: 10.20392
’ Humber of Iterations: 2

Working Correlation[l:4,1:4]

[-1] [.2] [.3] [-4]
[1,] 1.000000 0.209677 0.209677 0.209677
[2,1 0.209677 1.000000 0.209677 0.209677
[3,] 0.209677 0.209677 1.000000 0.209677
[4,]1 0.209677 0.209677 0.209677 1.000000

« data kkk3;set kkk2;

« if BMI <25 then obe=0;

« if BMI >=25 then obe=1;

e if BMI<=21 then BMI_C=0;
« else if BMI <=24 then BMI_C=1;
e else if BMI <=26 then BMI_C=2;
e else if BMI <=28 then BMI_C=3;
e else if BMI <=30 then BMI_C=4;
« else BMI_C=5;

s run;

-> Binomial dataZ H}H A obeOf| XA ZHH|ZHO| 1).
Count data2 HFF Al BMLCO| KTHUOZ WS, EOISEE M2 LR
£ QI5H OF..)

IH
|
o
|
i



2. Binomial data(SAS)

* Proc genmod or proc glimmix AtE
- glimmixZt AAHO| 261 =21 3H0] AL X|

O Oro
%ég"T' =Kt

 Logistic regressiondj| random effectE F=7tct 74

« proc genmod data=kkk3 descending;

e class FID ;

* model obe=LDL / dist=binomial;
 repeated subject=FID/ type=exch corrw;
* run;

Ezchanzeahle Warking
Correlation

Correlation 0. 1300730578

GEE Fit Criteria

WIC A713,9530
WICu avle, 4807

analysis Of GEE Parameter Estimates
Fupirical Htandard Error Estimates

phandard  95% Confidence
Parameter Estimate Error Limits 2 Pr = |Z]

Intercept -2.5846 0,1665 -2.¥210 -2.0682 -14.33 <, 0001
LIOL 0.0143 0.0014  0.0115  0.0170 10,21 =<.0001

o

-
o

-
-

L3
-

L=3
=



2. Binomial data(R)

Package(Ime4)

kml=glmer(obe~LDL+(1 | FID),
data=a, family=binomial)
Print(km1)

> mil=glmer (ocbe~LDL+ (1 FIDO),

> print (kml)

Package(gee)

data=a,

gml=gee(obe~LDL,
id=FID,data=a,family=binomial,
corstr="exchangeable")
Print(gm1)

family=binomial)

Generalized linear mixed model fit by the Laplace approximation

Formula: obe ~ LDL + (1 |

Data: a
ATC BIC logLik deviance
3624 3642 -1809 3618

Random effects:
Groups Name

FID {(Imtercept) 0.88471
Hunber of obs: 30793, groups:

Fixed effects:

Eztimate 5td. Error
0.181652
0.001502

[(Intercept) -2.830942
LDL 0.01e798

Signif. codes: g »w&&F 0001

Correlation of Fixed Effects:

(Intr)
LDL -0.951

Variance 5td.Dev.
0.94059
T56

wvalue Pr(>|=z]|)
-15.58
11.1%

<2e-1lg =*®
<2e-1la ===®

g.01 ** 0.05 . 0.1 » 7 1



> gm2=gee (obe~LDL, id=FID,data=a,family=binomial, corstr="exchangeable")
Beginning Cgee S-function, @(#) geeformula.g 4.13 98/01/27

running glm to get initial regression estimate

{Intercept) LDL

—-2.35271503 0.01387753

> print (gm2)

GEE: GENERALIZED LINEAR MCDELS FCOR DEPENDENT DATA
gee S5-function, version 4.13 modified 98/01/27 (1998)

Model:

Link: Logit
Variance to Mean Relation: Binomial
Correlation Structure: Exchangeable
Call:

gee (formmla = obe ~ LDL, id = FID, data = a, family = binomial,

corstr = "exchangeable")

Humber of observations : 3079

Maximom cluster size : 17
Coefficients:

[{Intercept) LDL

-2.3945947% 0.01425132

Estimated Scale Parameter: 1.001359

Humber of Iterations: 2

Working Correlation[l:4,1:4]

[-1] [-2] [,3] 4]
[1,]1 1.0000000 ©0.1300793 0.1300793 0.1300793
[2,]1 0.1300793 1.0000000 0.1300793 0.1300793
[3,] 0.1300793 0.1300793 1.0000000 0.1300733
ra 1 A 1T3IAATAT A TI3IAATOAS A Ta9ANTHAD A Lalalalalatalsl

3. Count data(SAS)

of: XHAS, DEALDT AMLXL 4 5.
Proc genmod or glimmix 0| &
Poisson regression0 random effect 8 835t 74 &

proc genmod data=kkk3;

class FID ;

model BMI_C=LDL/ dist=po;;

repeated subject=FID/ type=exch corrw;
run;



2. Count data(R)

Package(Ime4) Package(gee)
kml=glmer(obe~LDL+(1 | FID), *+ gml=gee(obe~LDL,
data=a, family=poisson) id=MZTWIN,data=a,family=poisson,
Print(km1) corstr="exchangeable")
Xk B83s

|:|J_|—T'_'?_

« SAS System for Mixed Models, Ramon et al. ,1996
SAS Institute Inc.

« Linear Models in Statistics(2"d Edition), Rancher et
al. ,WILEY

* R-project: www.r-project.org/

* Generlized Estimating Equation:

hisdu.sph.ug.edu.au/Isu/SSAI%20course/presentations/
Annette.ppt



Estimating the variance
explained by
all genotyped markers
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® Introduction
® What 1s GCTA?
® Functions of GCTA

® Estimate the variance explained by SNPs
& Options of GCTA
® Examples

GCTA

a tool for Genome-wide Complex Trait Analysis

GCTA (Genome-wide Complex Trait Analysis)
is designed to estimate the proportion of phenotypic
variance explained by genome- or chromosome-wide
SNPs for complex traits.

GCTA was developed by Jian Yang, Hong Lee, Mike
Goddard and Peter Visscher

and is maintained in Peter Visscher's lab at the
Queensland Institute of Medical Research .




DOWhload GCTA http://gump.gimr.edu.au/gcta
GCTA

a tool for Genome-wide Complex Trait Analysis

Overview Download

Download —=
Executable Files

Tutorial

- Linux 32-bitgcta 0920.linux32z7ip
FAQ, Linux64-bit gcta 0.920.0inux64zip
Options

Mac OS5 gcta 092 .0.maczip

Unstable versions

Linux32-bitgcta 092 2.linux32zip

Linux 64-bicegcta 0822 linuxBlzip

MS-D05 32-bit gcta 092.2.win32zip

Source code

gcta 0922 srezip

Documentation

GCTA UserManual v0.920.pdf

Citations
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Software tool:

Yang J, Lee SH, Goddard ME and Visscher PM. GCTA: a tool for Genome-wide Complex Trait Analysis. Am
J Hum Genet. 2011 Jan 88(1): 76-82. [PubMed ID: 21167468]
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Use only unrelated data

Basic Concept

« To fit the effects of all the SNPs as random
effects by a mixed linear model (MLM)

y = XB + Wu + e with var(y) = V= WW'. + 1o,
(Equation 1)

* y:nx1vector of phenotypes (n: sample size)

* B: vector of fixed effects such as age, sex and/or principal components

« u: vector of SNP effects with u ~ N(0,1s7)
e I: nxn identity matrix

« & vector of residual effects with &~ N(0.107)

* W: standadized genotype matrix with ij® element where X;; 1s the number of copies
of the reference allele for the i SNP of the j* individual and p; is the frequency of
the reference allele

If we define A = WW'/N a2 =Na2,




Total genetic effects

y = XB+ g +ewith V= Ag; + 107, (Equation 2)

* g:nx1 vector of the total genetic effects of the individuals
with g~ N(0,Aq;)

* A: genetic relationship matrix (GRM) between individuals

>>> we can estimate ; by the restricted maximum likelihood
(REML) approach, relying on the GRM estimated from all the
SNPs

GCTA’'s main functions

1) Data management

2) Estimation of the genetic relationships from SNPs

3) Manipulation of the genetic relationship matrix
Estimation of the variance explained by all the SNPs

— Estimate the variance explained by all the autosomal SNPs;

— Partition the genetic variance onto individual chromosomes;

— Estimate the genetic variance associated with the X-chromosome;
— Test the effect of dosage compensation on the X-chromosome;

6) Estimation of the linkage disequilibrium(LD) structure
7) GWAS Simulation



Estimation of the Genetic Relationships
from Genome-wide SNPs

 genetic relationships between individuals

* Including close relatives would result in the
estimate of genetic variance being driven by the
Bhenotypic correlations, and this estimate could

e a biased estimate of total genetic variance,
for example because of common environmental
effects.

« For data collected from family or twin studies, it
Is recommended to exclude one individuals of a
pair whose relationship is greater than a
specified cutoff value, e.g., 0.025.

Estimation of the Variance explained by
Genome-wide SNPs by REML

* The GRM estimated from the SNPs can be
fitted subsequently in an MLM to estimate

the variance explained by these SNPs via the
REML method.

szﬁ—ig,-—tl Vzifi;af—[af
i=1 i—1

* Gi: vector of random genetic effects, which
could be the total genetic effects for the
whole genome or for a single chromosome

« o7 :variance of the it" genetic factor with its
corresponding GRM, A;



Input and output

--bfile test
Input PLINK binary

--out fest

Options

Specify output root filename.

PED files, e.g. test.fam, test.bim and
test.bed (see PLINK user manual for details).

DATA format (PLINK format)

« PED file
Family ID Individual ID
1100
21 00
2 200
. 9112

 FAM file
1120
2 1 0
2 20
. 9 11

« MAP file

Chromosome SNP identifier

1 =npd
2 =np4
1 =npl
1 =np3
S =nph

0 ka2
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Binary format

« .PED, .FAM, .MAP files
>>> binary format (.bed, .fam, .bim)

filedsS €2 0[§22 NMTY A

N

ot

57|
gcta --bfile #filename --out
#out_filename

Options

Estimation of the genetic relationships from the SNPs

--make-grm

Estimate the genetic relationship matrix (GRM) between pairs of
individuals from a set of SNPs. By default, GCTA will save the lower
triangle of the genetic relationship matrix in a compressed text file
(e.g. test.grm.gz) and save the IDs in a plain text file (e.g.
test.grm.id).

--make-grm-xchr
Estimate the GRM from SNPs on the X-chromosome.

The GRM will be saved in the same format as above. Due to the
speciality of the GRM for the X-chromosome, it is not recommended
to manipulate the matrix by --grm-cutoff or ——ﬁrm—adj, or merge it
with the GRMs for autosomes (see below for the options of
manipulating the GRM).



GCTA OJA| Manipulation of the genetic relationship matrix
&

mjhan@med?2:~/gcta> gcta --mgrm grm_chrs.txt --pheno
test2.phen --mpheno 7 --reml --out test_b_all_chrs

Computational time: 0:0:6
khkkhkkkhkkkhkhkkhkhkhhdhhdhhhkdhdhdhdhkhkhkhhhhhhhhhhhhhhhhhhdhhhhhdhddhkhdhdhdhkhkhkhkhhkkkkhxk

* Genome-wide Complex Trait Analysis (GCTA)

* version 0.92.9

* (C) 2010 Jian Yang, Hong Lee, Michael Goddard and Peter Visscher
* GNU General Public License, v2

* Queensland Institute of Medical Research
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Analysis started: Thu Jul 28 10:42:47 2011

Options:

--mgrm grm_chrs.txt
--pheno test2.phen

--mpheno 7

--reml|

--out test_b_all chrs

Output Manipulation of the genetic relationship matrix
&

égmr?eary restj/:r;aneEML a§€|y5'53 V(1)/Vp  0.019357 0.139129
V(1) 0255006  1.839386 V(2)/Vp 0087940 0.140971
V() 1162626  1.865685 V(3)/Vp ~ 0.000001 0.124318
V@) 0.000008  1.643560 V@)/Vp  0.058272 0.130698
V(4) 0.770395 1728121 V(5)/Vp 0.000001 0.128368
V(5) 0.000008 1.697104 V(6)/Vp 0.000001 0.111012
xg D o008 Taero] V(7)/Np  0.000001 0.127114
V() 0286785 1403722 Vig)/vp 0021692 0.1061395
V(9) 0.000008 1476749 V(9)/Vp  0.000001 0.111700
V(10) 0.133944  1.516662 V(10)/Vp 0.010131 0.114726
V(11) 1305139  1.501200 V(11)/Vp 0.098720 0.113298
V(12) 0.000008 1.620294 V(12)/Vp 0.000001 0.122558
VI VIS 0001 piniLe
V(15) 0421014 1204768 V(l4)/vp  0.000001  0.093306
V(16) 0.000008  1.291507 V(15)/Vp 0.031845 0.091080
V(17) 0.000008  1.200127 V(16)/Vp 0.000001 0.097689
V(18) 0139110  1.247934 V(17)/Vp 0.000001 0.090777
xggi 88%%2 gggggg V(18)/Vp 0.010522 0.094413
V(1) 0.697802  0.976383 V(19)/Vp 0029107 0.071358
V(22) 0271083 0898294 V(20)/Vp 0006020 0.082144
V(e) 7211488 4073288 V(21)/Vp  0.052781 0.073648
Vp 13220661 0.817974 V(22)/Vp  0.020504 0.067922




Output Manipulation of the genetic relationship matrix
& Estimation of the phenotypic variance explained by the SNPs
using the REML method

BMI LDL (BMI)(LDL)
Variance SE Variance SE Variance SE
V(1)/Vp 0.02 0.14 0.18
V(2)/Vp 0.08 0.14 0.18
V(3)/Vp 0.00 0.13 017
V(4)/Vp 0.04 0.13 017
V(5)/Vp 0.00 0.13 0.16
V(6)/Vp 0.00 011 0.16
V(7)/Vp 0.00 0.13 0.15
V(8)/Vp 0.04 011 0.15
V(9)/Vp 0.00 011 014
V(10)/Vp 0.01 012 0.16
V(11)/Vp 0.09 011 012
V(12)/Vp 0.00 012 014
V(13)/Vp 0.03 0.10 013
V(14)/Vp 0.00 0.10 011
V(15)/Vp 0.03 0.09 0.12
V(16)/Vp 0.00 0.10 013
V(17)/Vp 0.00 0.09 012
V(18)/Vp 0.02 0.10 0.13
V(19)/Vp 0.01 0.07 0.10
V(20)/Vp 0.01 0.08 012
V(21)/Vp 0.01 0.07 0.09
V(22)/Vp 0.01 0.07 0.09

Output Manipulation of the genetic relationship matrix
& Estimation of the phenotypic variance explained by the SNPs
using the REML method

BMI LDL (BMI)(LDL)
Variance SE Variance SE Variance SE
V(9g) 233 3.04 574.86 241.89 0.00  3320.57
V(e) 7.69 3.04 380.37 23570  8908.60  3328.82
Vp 10.02 0.53 955.22 50.57  8908.60 469.53

V(9)/Vp 0.3 0.25 0.00 0.37
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1. Estimate the GRM from SNPs on
chromosome 21 with MAF > 0.05

2. Estimate the GRM from SNPs on all
autosomal chromosome with MAF >
0.01 ( make batch file )

3. Estimation of the phenotypic variance
explained by the SNPs using the REML
method (all autosomal chromosome, 2rd
phenotype)

Missing Heritability

« MISSING HERITABILITY: SNPs discovered by
GWASs account for only a small fraction of the
genetic variation of complex traits in human
populations.

« The heritability of height has been estimated to be
~0.8, but ~50 variants that are associated with
height account for only ~5% of phenotypic
variation.

 In this study, 45% of variance can be explained by
considering all SNPs simultaneously. Thus, most of
the heritability is hiding rather than missing
because of many SNPs with small effects.



