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G
en

etic
B

ackg
ro

u
n

d
in

1
S

lid
e

➠
SN

P
:a

type
of

genetic
m

arker
w

ith
only

2
variations

in
the

population;
∼

10
m

illion
com

m
on

SN
Ps

in
the

genom
e

➠
A

llele:
a

particular
variation

of
a

genetic
m

arker;coded
as

a
and

A
;

appearing
in

the
population

w
ith

certain
allele

frequency

➠
G

enotype:
the

tw
o

alleles
of

an
individualata

genetic
m

arker

3
unordered

genotypes
for

a
SN

P:
a
a

A
a

A
A

➠
C

ase-C
ontrolG

enetic
A

ssociation
Test

of
a

SN
P

e.g.2
df

genotype
test,1

df
A

rm
itage

trend
test,1

df
allele

freq
test,etc.

a
a

A
a

A
A

Total

C
ases

r
0

r
1

r
2

R

C
ontrols

s
0

s
1

s
2

S

Total
n

0
n

1
n

2
N

–
1

–



S
election

B
ias

&
G

enetic
S

tudies

'&

$%

G
en

o
m

e-W
id

e
G

en
etic

M
ap

p
in

g
S

tu
d

ies

➠
A

disease/traitof
interest,e.g.type

1
diabetes,height

➠
Tw

o
prim

ary
questions

•
t:

w
here

is
the

location
of

the
gene

on
the

genom
e?

•
µ

:
w

hatis
the

effect
of

the
gene,e.g.heritability,O

R
?

➠
G

enom
e-w

ide
linkage/association

studies;1K
to

1M
m

arkers

(surrogates
for

genes)
placed

across
the

genom
e,for

each
m

arker
t

Testing
H

0
:
µ

t
=

0
(⇐
⇒

no
genetic

effect)

➠
G

ene-effectestim
ation;for

the
m

ostsignificantm
arker(s)

E
stim

ating
µ

t

–
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U
n

d
erstan

d
in

g
th

e
B

ias

If
X

i
∼

N
(µ

,σ
),i

=
1
,...,n

,is
X

an
unbiased

estim
ator

of
µ

?

➠
E

stim
ation

w
/o

testing:
unbiased

➠
E

stim
ation

after
testing

(using
the

sam
e

sam
ple):

biased
such

naı̈ve
estim

ator
in

factis
µ

N
=

X
|
X

>
criticalvalue

m
e
a
n
 
X

Density

c
m

u
_
0

m
u
_
1

–
3

–



S
election

B
ias

&
G

enetic
S

tudies

'&

$%

U
n

d
erstan

d
in

g
th

e
B

ias,co
n

t’d

➠
Source

of
bias

I
-

tailselection
due

to
testing

•
T

he
sam

e
data

is
used

for
both

testing
and

estim
ation

•
E

stim
ation

is
perform

ed
only

ifthe
testing

w
as

significant

•
B

ias
increases

as
pow

er
decreases

(often
low

pow
er

in
G

W
A

)

➠
Source

of
bias

II
-

m
arker(s)/variable(s)

selection
due

to
m

axim
ization

or
considering

ordered
statistics

•
W

e
are

looking
atthe

top
SN

P
(s)

w
ith

the
m

axim
um

test

statistic(s)
am

ong
allthe

SN
P

s
in

the
genom

e

X
it
∼

N
(µ

t ,σ
),

i
=

1
,...,n

,
t
=

1
,...,T

X
(T

)
=

X
m

a
x

=
m

a
x
{
X

.1 ,...,X
.T
}
,

or
X

(T
)
≥

X
(T
−

1
)
≥

...

•
W

ith
or

w
ithoutthe

gw
significance

criterion

•
A

m
ore

subtle
issue;and

m
ore

difficultto
m

odel

–
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E
stim

atio
n

B
ias

an
d

Its
Im

p
licatio

n
s

➠
L

inkage:
G

öring
etal.(2001)

A
ssociation:

G
arner

(2007)

➠
O

verestim
ate

the
im

portance
of

genetic
effect

➠
U

nderestim
ate

the
sam

ple
size

needed
for

replication
study

Stage
1

Stage
2

G
W

,500
Tests

R
eplicate

the
M

ostSig.Finding
T

rue
O

R
α

1
=

0
.0

0
0
1

α
2

=
0
.0

5
,1
−

β
=

8
0
%

µ
N

1
µ̂

(bias)
N̂

2
|µ

N̂
2
|µ̂

1.1
∼

3,500
1,000

1.33
(0.23)

∼
400

5,000
1.15

(0.05)
∼

1,600
1.2

∼
1,000

1,000
1.35

(0.15)
∼

350
5,000

1.202
(0.002)

∼
1,000

–
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M
eth

o
d

s
P

ro
p

o
sed

➠
R

esam
pling

based
m

ethod

•
Sun

and
B

ull(2005;
G

enetic
E

pidem
iology)

•
W

u
etal.(2005;B

M
C

genetics)

•
W

u
etal.(2006;H

um
an

H
eredity)

•
Y

u
etal.(2007;A

m
erican

Journalof
H

um
an

G
enetics)

•
Jeffries

(2007;B
iostatistics)

➠
L

ikelihood
based

m
ethod

•
Z

ollner
and

P
ritchard

(2007;
A

m
erican

Journalof
H

um
an

G
enetics)

•
Z

hong
and

Prentice
(2008;B

iostatistics)

•
G

hosh
etal.(2008;A

m
erican

Journalof
H

um
an

G
enetics)

–
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C
o

n
n

ectio
n

w
/R

eg
ressio

n
P

red
ictio

n
E

rro
r

➠
O

verfitting
leads

to
U

nderestim
ation

ofP
E

:the
sam

e
data

w
as

used
for

both

m
odelbuilding

and
evaluation

cPE
=

P
(y

i
−

ŷ
i )

2/
n

➠
R

esam
pling-based

m
ethods:

e.g.cross-validation
and

bootstrap.

cPE
resam

pling
=

X
(y

i
−

ŷ
{
−

i}
i

)
2/

n
.

•
m

odelbuilding
in

partofthe
sam

ple,

•
m

odelevaluation
in

the
rem

aining
(independent)

sam
ple,

•
repeatthis

“sam
ple

splitting”
m

any
tim

es
in

the
originalsam

ple

➠
Sim

ilar
approaches

can
be

proposed

m
odelbuilding

⇐
⇒

gene
locus

detection

m
odelevaluation

⇐
⇒

E
ffectSize

estim
ation

optim
istic

PE
(donw

ard
bias)

⇐
⇒

optim
istic

E
S

(upw
ard

bias)

–
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C
o

n
cep

tu
alB

o
o

tstrap
A

lg
o

rith
m

➠
O

riginaldata:
X

i
∼

N
(µ

,σ
),i

=
1
,...,n

➠
N

aı̈ve
procedure,estim

ation
subjectto

selection

µ
N

=
X
|X

>
c

➠
O

btain
B

(e.g.B
=100)

bootstrap
datasets

➠
For

each
b
th

bootstrap
dataset,consider

➠
D

etection
sam

ple

•
B

ootstrap
sam

ple,
X

bi
∼

N
(µ

,σ
),i

=
1
,...,n

•
M

im
ic

the
originalnaı̈ve

procedure,
µ

bD
∼

µ
N

µ
bD

=
X

b|X
b

>
c

–
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➠
E

stim
ation

sam
ple

•
T

he
data

points
notsam

pled,
X
−

b
i

∼
N

(µ
,σ

),i
=

1
,...,∼

37%
n

•
M

im
ic

estim
ation

w
ith

independentdata,a
directestim

ation

µ
bE

=
X
−

b

➠
E

stim
ation

of
the

bias

µ
bD
−

µ
bE

➠
Shrinkage

bias-reduced
estim

ator

µ
N
−

(µ
bD
−

µ
bE

)

➠
O

ut-of-sam
ple

estim
ator:

µ
bE

➠
W

eighted
estim

ator:
(1
−

w
)
µ

N
+

w
µ

bE

–
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L
ikelih

o
o

d
-b

ased
M

eth
o

d
s

➠
T

he
naı̈ve

M
L

E
(ignoring

the
factthat

X
>

c):

L
N

(µ
)
=

P
r
o
b{

X
;µ
}

➠
T

he
correctconditionalM

L
E

:

L
C

(µ
)
=

P
r
o
b{

X
|X

>
c;µ

}
=

L
(µ

)

Pow
er

–
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B
o

o
tstrap

vs.
L

ikelih
o

o
d

-b
ased

M
eth

o
d

s

➠
O

R
estim

ates
in

a
realG

W
association

study

•
T

he
W

ellcom
e

T
rustC

ase
C

ontrolC
onsortium

(W
T

C
C

C
)

•
Type

1
D

iabetes

•
∼

2,000
cases

and
∼

3,000
controls,and

∼
500K

SN
Ps

(α
∼

10
−

6)

N
aı̈ve

L
ikelihood

B
ootstrap

Indep/R
eplication

SN
P

(W
T

C
C

C
)

(G
hosh

etal.)
(Faye

etal.)
(Todd

etal.)

rs2542151
1.33

1.09
1.24

1.29
rs2292239

1.30
1.25

1.32
1.28

rs17696736
1.37

1.37
1.39

1.16
rs17388568

1.27
1.20

1.23
1.08

•
O

ther
concerns:

e.g.heterogeneity
betw

een
the

tw
o

sam
ples

–
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➠
Sim

ulation
studies

•
B

oth
m

ethods
substantially

reduce
the

estim
ation

bias
w

ith

sim
ilar

perform
ance

(sm
aller

variance
for

bootstrap
shrinkage).

•
R

esults
for

a
one-locus

norm
alm

odel(α
=

10
−

6)

E
stim

ator
Pow

er
=

10%
Pow

er
=

50%
R

elative
B

ias
R

M
SE

R
elative

B
ias

R
M

SE

N
aı̈ve

0.491
0.025

0.166
0.015

L
ikelihood

-0.257
0.033

-0.195
0.035

B
ootstrap

0.196
0.015

-
0.001

0.015

•
B

oth
are

notunbiased

•
B

oth
have

im
practically

large
variance,e.g.

C
I

of
O

R
for

rs2292239:
(1.08,1.42)

im
plies

sam
ple

size
needed

for
a

replication
study

(80%
pow

er
at0.05)

ranges
from

6,000
to

350

–
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W
hy

th
e

V
arian

ce
is

S
o

L
arg

e?

➠
T

he
effective

sam
ple

size
for

estim
ation

accounting
for

Selection
is

sm
aller

than
n

➠
T

he
originalsam

ple
size

n
can

be
deceptively

large
for

estim
ation

➠
T

he
loss

of
inform

ation
is

due
to

the
use

of
the

sam
e

datasetfor

hypothesis
testing

➠
T

he
inform

ation
loss

is
inversely

proportionalto
the

pow
er

of
the

testing
com

ponent

➠
L

eeb
and

P
ötscher

(2006):
one

could
notestim

ate
the

unconditional

distribution
ofa

post-m
odel-selection

estim
ator

w
ith

reasonable

accuracy
even

asym
ptotically

–
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B
ayesian

F
ram

ew
o

rk

➠
Incorporating

prior
inform

ation
to

further
reduce

the
bias

and

decrease
the

variance

➠
C

urrentim
plem

entation
in

the
single-locus

norm
alm

odel

•
“

spike
and

slab”
type

ofpriors
used

in
B

ayesian
variable

selection
(e.g.

Ishw
aran

and
R

ao,2005)

•
p
(µ

)
∝

ξδ
{
0
} (µ

)
+

(1
−

ξ)g
(µ
|θ

),the
D

irac
m

easure
atzero

representing
the

factthatthe
m

arker
of

interestm
ay

notbe
the

gene

•
g
(µ
|θ

)
∝

U
niform

(0
,a

),
a

is
a

large
num

ber
corresponding

a
realistic

upper
bound

of
the

param
eter

of
interest

•
ξ
∝

B
eta(2

/
3
,2

/
3
),a

hyper-param
eter

•
M

C
M

C
techniques

needed
for

the
posterior

distribution
of

µ

➠
Prelim

inary
sim

ulation
studies:

a
25%

reduction
in

R
M

SE

–
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W
h

ere
A

re
W

e
N

ow
?

➠
Single-locus

m
odel

➠
C

onfidence
Interval

•
B

ootstrap:
a

double-bootstrap
procedure;com

putationally
intensive

•
L

ikelihood

–
Z

ollner
and

Pritchard
(2007):

use
of

χ
21

distribution;contain
all

µ

values
s.t.

2
log

(L
c (µ̂

)/
L

c (µ
))
≤

1
−

α
quantiles

of
χ

21 ;m
ightnotbe

accurate
because

the
conditionalM

L
E

is
notnorm

ally
distributed.

–
G

hosh
etal.(2008):

α
/
2

and
1
−

α
/
2

quantiles
of

the
conditional

density,
L

c (µ
)

–
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➠
M

ulti-locus
m

odel:
G

W
setting;m

ulti-m
arker/variable

selection

•
B

ootstrap:
straightforw

ard;already
im

plem
ented

for
G

W
linkage

data;

com
putationally

intensive

–
H

eritability
estim

ates
in

a
realG

W
likage

study

–
T

he
Fram

ingham
H

eartStudy

–
T

raitof
interest:

Systic
B

lood
Pressure

–
∼

330
fam

ilies
(∼

1,700
individuals)

and
∼

400
m

arkers

2
significantm

arkers,i.e.L
O

D
(log10-based

L
R

)
>

3

O
n

W
hich

O
bserved

N
aı̈ve

B
ootstrap

M
arker

C
hrom

osom
e

L
O

D
(B

riollais
etal.)

(W
u

etal.)

1
8

3.43
0.55

0.13
2

17
3.29

0.46
0.11

•
L

ikelihood:
difficultto

m
odelthe

order
statistic

in
the

presence
of

correlation
betw

een
m

arkers/tests

–
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➠
Prior

inform
ation

•
B

ayesian
fram

ew
ork:

m
ore

in-depth
w

ork
needed

for
both

the
prior

and

the
M

C
M

C
algorithm

•
B

ootstrap
fram

ew
ork:

µ
N
−

k
(µ

bD
−

µ
bE

),k
∼

p
rior?

•
C

an
w

e
show

thatthe
conditionalM

L
E

is
biased?

•
C

an
w

e
find

a
fam

ily
of

priors
thatleads

to
unbiased

estim
ators?

➠
Softw

are
developm

entfor
the

bootstrap
m

ethods

•
B

R
-squared

(B
ias-R

educed
estim

ates
via

B
ootstrap

R
esam

pling)

•
Phase

I:G
W

linkage
data

•
Phase

II:G
W

association
data–
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A
ckn

ow
led

g
em

en
t

➠
C

ollaborators

•
co-PIs:

Shelley
B

ull,R
adu

C
raiu

•
Students:

L
aura

Faye,L
ongyang

W
u,L

izhen
X

u

➠
Fundings

•
C

IH
R

(C
anadian

Institutes
of

H
ealth

R
esearch)

•
N

SE
R

C
(N

aturalSciences
and

E
ngineering

R
esearch

C
ouncilof

C
anada)

–
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