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for

the
interview

data
exam

ple.
T

he
standard

deviations
(not

standard
errors)

are
given

in
the

second
row

.

Ý<
S

kew
-Ñ

Ñ

S
kew

-N
N

orm
al

S
kew

-Ñ

1
5.2

7.1
12.3

Ñ

–
1

1.80
7.0

S
kew

-N
–

–
1

5.2

N
orm

al
–

–
–

1

Table
2:

T
he

log
of

the
B

ayes
factors

using

the
Laplace-bridge

m
ethod.

E
ach

entry
in

the
table

is
the

log
of

the
B

ayes
factor

in
fa-

vor
ofthe

m
odelin

the
row

com
pared

to
the

m
odelin

the
colum

n.Ý=



A
sm

alldata
exam

ple:

H
ave> á

%
ofbody

fatness,? á
skin

thickness
and

density
for

24
w

om
en.

E
xperim

entw
ith:

Ü

inform
ative:

prior
variance

1,

Ü

non-inform
ative:

prior
variance

100,

for
the

regression
co-efficient.

ÝÛ

3

4

8

9

: 6

N
orm

al
28.41

0.86
19.1

(0.66)
(0.14)

(6.2)

S
kew

-N
27.91

0.86
1.1

17.7

(1.05)
(0.14)

(1.81)
(6.6)

;

28.35
0.87

14.3
16.6

(0.66)
(0.13)

(8.8)
(6.1)

S
kew

-;

27.84
0.87

1.0
14.9

15.1

(2.9)
(0.13)

(1.7)
(10.5)

(6.4)

Table
3:

P
aram

eter
estim

ates.
P

riorvariances
of

3
and4

are
1

each.,Þ



3

4

8

9

: 6

N
orm

al
28.68

0.86
19.4

(0.86)
(0.14)

(6.3)

S
kew

-N
26.64

0.85
2.70

12.3

(3.02)
(0.14)

(3.9)
(8.2)

;

28.58
0.87

14.6
16.9

(0.87)
(0.13)

(10.6)
(6.4)

S
kew

-;

26.89
0.86

2.21
15.0

11.0

(2.9)
(0.14)

(3.7)
(10.9)

(7.2)

Table
4:

P
aram

eter
estim

ates.
P

riorvariances
of

3

and4

are
100

each.,�
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S
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F
igure

5:
P

osterior
density

of,8 ,
the

skew
ness

param
eter.

S
olid

line
is

for
the

skew
ed

norm
al

distribution
and

dotted
line

is
for

the
skew

ed; -
distribution.

P
rior

variances
of3

and4

are
1

each.
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density
@
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P
S

frag
replacem

ents

A

F
igure

6:
P

osterior
density
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skew
ness

param
eter.

S
olid

line
is

for
the

skew
ed

norm
al

distribution
and

dotted
line

is
for

the
skew

ed; -
distribution.

P
rior

variances
of3

and4

are
100

each.
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S
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bivariate
data

used

in
m

odelfitting.
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M
ultivariate

illustration:
interview

data

Ü

N
on-academ

ic
score

Ü

interview
score

N
o

co-variates
considered.

Trying
to

estim
ate

the
m

eans.

N
orm

al
S

kew
N

orm
al

Ñ

S
kew

-Ñ

-1776.0
-1671.7

-1722.5
-1631.8

Table
5:

M
arginallikelihood

for
the

bivariate

exam
ple.

S
kewÑ

m
odelseem

s
to

be
the

best.
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E

xam
ple:

S
trength

ofglass
fibre.

D
ata

from

S
m

ith
and

N
aylor

(1987).

0.5
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x

S
tandard t
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ahu t
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w
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P
S

frag
replacem

ents

D
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F
igure

8:
H

istogram
ofthe

data
and

densities
of

the
fitted

skew;

distributions
for

the
glass

fibre

data.
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D
id

not
talk!

Ü

D
istribution

theory,e.g.

Ü

m
arginaland

conditionaldistributions

Ü

transform
ations

and
inter-relationships,

Ü

W
hathappens

to
the

B
ayes

estim
ators?

Ü

predictive
distributions?

Ü

A
nd

so
on...

,<
N

evertheless

Ü

Transform
the

distribution
rather

than

the
data!

Ü

A
llow

s
robustinference.

Ü

A
lldo-able

because
ofM

C
M

C
.

Ü

B
U

G
S

can
do

our
univariate

m
odels.
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