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Abstract

This appendix provides robustness checks and diagnostics of the BMA exercise included

in the main body of the paper.

∗The paper, data, and code are available at meta-analysis.cz/armington.

1

http://meta-analysis.cz/armington/


1 Diagnostics of BMA and Robustness Checks

Table B1: Diagnostics of the baseline BMA estimation

Mean no. regressors Draws Burn-ins Time No. models visited
18.2183 3 · 105 1 · 105 28.42869 secs 42,041
Modelspace Visited Topmodels Corr PMP No. obs.
4.3 · 109 0.00098% 100% 0.9981 2,968
Model prior g-prior Shrinkage-stats
Random / 16 UIP Av = 0.9997
Notes: We employ the g-prior suggested by Eicher et al. (2011) and model dilution prior sug-
gested by George (2010). The results of this BMA exercise are reported in Table 3.

Figure B1: Model size and convergence of the baseline BMA estimation
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Notes: The figure depicts the posterior model size distribution and the posterior model probabilities of the
BMA exercise reported in Table 3.

2



Ta
bl
e
B
2:

W
hy

el
as
tic

iti
es

va
ry

(a
lte

rn
at
iv
e
pr
io
rs

an
d
w
ei
gh

ts
)

R
es
po

ns
e
va
ria

bl
e:

A
lte

rn
at
iv
e
B
M
A

pr
io
r

St
ud

y-
w
ei
gh

te
d
B
M
A

Pr
ec
isi
on

-w
ei
gh

te
d
B
M
A

A
rm

in
gt
on

el
as
tic

ity
Po

st
.m

ea
n

Po
st
.S

D
PI

P
Po

st
.m

ea
n

Po
st
.S

D
PI

P
Po

st
.m

ea
n

Po
st
.S

D
PI

P
C
on

st
an

t
-1
.5
8

N
A

1.
00

0.
00

N
A

1.
00

1.
16

N
A

1.
00

St
an

da
rd

er
ro
r

0.
75

0.
03

1.
00

0.
70

0.
03

1.
00

2.
86

0.
26

1.
00

D
at

a
ch

ar
ac

te
ri

st
ic

s
D
at
a
di
sa
gg

re
ga

tio
n

0.
22

0.
05

1.
00

0.
24

0.
03

1.
00

-0
.2
9

0.
04

1.
00

R
es
ul
ts

di
sa
gg

re
ga

tio
n

-0
.2
4

0.
04

1.
00

-0
.2
5

0.
04

1.
00

0.
14

0.
04

1.
00

M
on

th
ly

da
ta

-0
.4
1

0.
19

0.
89

-0
.3
0

0.
16

0.
87

-0
.0
1

0.
04

0.
07

A
nn

ua
ld

at
a

-1
.0
7

0.
15

1.
00

-0
.6
9

0.
09

1.
00

0.
00

0.
02

0.
04

T
im

e
se
rie

s
0.
59

0.
14

1.
00

0.
02

0.
07

0.
14

0.
04

0.
11

0.
20

C
ro
ss
-s
ec
tio

n
1.
99

0.
24

1.
00

1.
51

0.
14

1.
00

0.
00

0.
03

0.
04

D
at
a
pe

rio
d

0.
03

0.
01

1.
00

0.
02

0.
00

1.
00

0.
00

0.
00

0.
40

D
at
a
siz

e
0.
33

0.
02

1.
00

0.
44

0.
02

1.
00

0.
10

0.
01

1.
00

M
id
ye
ar

0.
00

0.
00

0.
03

-0
.0
4

0.
01

1.
00

0.
00

0.
00

0.
08

St
ru

ct
ur

al
Va

ri
at

io
n

Se
co
nd

ar
y
se
ct
or

0.
00

0.
01

0.
02

-0
.2
4

0.
08

0.
98

0.
25

0.
03

1.
00

Te
rt
ia
ry

se
ct
or

-0
.0
1

0.
07

0.
04

-0
.9
1

0.
20

1.
00

0.
35

0.
04

1.
00

D
ev
el
op

ed
co
un

tr
ie
s

0.
00

0.
02

0.
03

-1
.0
2

0.
12

1.
00

-1
.0
5

0.
14

1.
00

M
ar
ke
t
siz

e
-0
.1
0

0.
02

1.
00

-0
.1
4

0.
02

1.
00

-0
.0
7

0.
02

1.
00

Ta
riff

s
0.
03

0.
01

1.
00

0.
00

0.
01

0.
21

-0
.0
4

0.
00

1.
00

N
on

-t
ar
iff

ba
rr
ie
rs

0.
09

0.
16

0.
30

0.
60

0.
11

1.
00

0.
03

0.
07

0.
26

FX
vo

la
til
ity

0.
32

0.
08

1.
00

0.
00

0.
01

0.
05

0.
02

0.
05

0.
13

N
at
io
na

lp
rid

e
0.
00

0.
03

0.
02

0.
00

0.
05

0.
06

0.
00

0.
03

0.
04

In
te
rn
et

us
ag

e
0.
00

0.
01

0.
10

0.
01

0.
02

0.
37

0.
00

0.
00

0.
19

Es
tim

at
io

n
te

ch
ni

qu
e

St
at
ic

m
od

el
-0
.0
1

0.
04

0.
04

-0
.3
2

0.
07

1.
00

-0
.8
1

0.
08

1.
00

D
ist

rib
ut
ed

la
g
an

d
tr
en
d
m
od

el
-0
.0
1

0.
06

0.
05

-0
.4
1

0.
09

1.
00

-1
.0
4

0.
10

1.
00

Pa
rt
ia
la

dj
us
tm

en
t
m
od

el
-0
.0
5

0.
12

0.
22

0.
00

0.
03

0.
05

-0
.2
6

0.
07

0.
99

N
on

lin
ea
r
m
od

el
-0
.0
1

0.
07

0.
05

1.
40

0.
21

1.
00

0.
28

0.
25

0.
63

O
LS

-0
.0
5

0.
12

0.
21

0.
01

0.
06

0.
09

0.
04

0.
07

0.
27

C
O
R
C

-0
.0
1

0.
06

0.
06

0.
02

0.
07

0.
11

-0
.1
0

0.
13

0.
43

T
SL

S
0.
24

0.
23

0.
57

-0
.7
0

0.
16

0.
99

0.
01

0.
06

0.
04

G
M
M

-0
.0
8

0.
16

0.
22

-1
.4
8

0.
16

1.
00

0.
39

0.
08

1.
00

Im
po

rt
co
ns
tr
ai
nt

0.
52

0.
19

0.
95

0.
77

0.
11

1.
00

-0
.0
1

0.
04

0.
05

Se
as
on

al
ity

-0
.6
4

0.
12

1.
00

0.
00

0.
03

0.
06

1.
17

0.
14

1.
00

Pu
bl

ic
at

io
n

ch
ar

ac
te

ri
st

ic
s

Im
pa

ct
fa
ct
or

0.
13

0.
20

0.
35

1
0.
00

0.
03

0.
05

7
1.
04

0.
14

1.
00

0
C
ita

tio
ns

0.
60

0.
05

1.
00

0
0.
48

0.
05

1.
00

0
-0
.2
9

0.
03

1.
00

0
Pu

bl
ish

ed
0.
57

0.
11

1.
00

0
1.
17

0.
09

1.
00

0
0.
21

0.
16

0.
69

1
St
ud

ie
s

39
39

39
O
bs
er
va
tio

ns
2,
96

8
2,
96

8
2,
96

8
N

ot
es

:
SD

=
st
an

da
rd

de
vi
at
io
n.

P
IP

=
po

st
er
io
r
in
cl
us
io
n
pr
ob

ab
ili
ty
.
A
ll
th
re
e
pa

ne
ls

re
pr
es
en
t
re
su
lt
s
of

B
ay
es
ia
n
m
od

el
av
er
ag
in
g
(B

M
A
).

T
he

fir
st

pa
ne
le

m
pl
oy
s
an

al
te
rn
at
iv
e
m
od

el
pr
io
rs
;Z

el
ln
er
’s
g
pr
io
r
is
se
t
ac
co
rd
in
g
to

Fe
rn
an

de
z

et
al

.(
20
01
)
an

d
a
di
lu
ti
on

pr
io
r
as

su
gg
es
te
d
by

G
eo
rg
e
(2
01
0)
.

T
he

tw
o
w
ei
gh

te
d
sp
ec
ifi
ca
ti
on

s
em

pl
oy

a
un

ifo
rm

m
od

el
pr
io
r
su
gg
es
te
d
by

E
ic
he
r

et
al

.
(2
01
1)

an
d
a
di
lu
ti
on

pr
io
r
su
gg
es
te
d
by

G
eo
rg
e
(2
01
0)
.
T
he

st
ud

y-
w
ei
gh

te
d
sp
ec
ifi
ca
ti
on

re
pr
es
en
ts

B
M
A

ap
pl
ie
d
to

da
ta

w
ei
gh

te
d
by

th
e
in
ve
rs
e
of

th
e
nu

m
be

r
of

ob
se
rv
at
io
ns

re
po

rt
ed

pe
r
st
ud

y,
pr
ec
is
io
n-
w
ei
gh

te
d

sp
ec
ifi
ca
ti
on

re
pr
es
en
ts

B
M
A

ap
pl
ie
d
to

da
ta

w
ei
gh

te
d
by

th
e
in
ve
rs
e
of

th
e
st
an

da
rd

er
ro
r.

A
ll
va
ri
ab

le
s
ar
e
de
sc
ri
be

d
in

Ta
bl
e
A
1
in

th
e
A
pp

en
di
x.

3



Table B3: Diagnostics of the alternative BMA prior

Mean no. regressors Draws Burn-ins Time No. models visited
18.1986 3 · 105 1 · 105 28.40841 secs 41,665
Modelspace Visited Topmodels Corr PMP No. obs.
4.3 · 109 0.00097% 100% 0.9986 2,968
Model prior g-prior Shrinkage-stats
Random / 16 BRIC Av = 0.9997
Notes: We employ the g-prior suggested by Fernandez et al. (2001) and model dilution prior
suggested by George (2010). The results of this BMA exercise are reported in Table B2.

Figure B2: Model size and convergence of the alternative BMA prior
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Notes: The figure depicts the posterior model size distribution and the posterior model probabilities of the
BMA exercise with alternative g-prior according to Fernandez et al. (2001) reported in Table B2.
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Table B4: Diagnostics of the study-weighted BMA estimation

Mean no. regressors Draws Burn-ins Time No. models visited
23.0472 3 · 105 1 · 105 23.9105 secs 33,872
Modelspace Visited Topmodels Corr PMP No. obs.
4.3 · 109 0.00079% 100% 0.9995 2,968
Model prior g-prior Shrinkage-stats
Random / 16 UIP Av = 0.9997
Notes: We employ the g-prior suggested by Eicher et al. (2011) and model dilution prior sug-
gested by George (2010). The results of this BMA exercise are reported in Table B2.

Figure B3: Model size and convergence of the study-weighted BMA estimation
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Notes: The figure depicts the posterior model size distribution and the posterior model probabilities of the
study-weighted BMA exercise reported in Table B2.
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Table B5: Diagnostics of the precision-weighted BMA estimation

Mean no. regressors Draws Burn-ins Time No. models visited
19.6235 3 · 105 1 · 105 29.30259 secs 44,536
Modelspace Visited Topmodels Corr PMP No. obs.
4.3 · 109 0.001% 100% 0.9987 2,968
Model prior g-prior Shrinkage-stats
Random / 16 UIP Av = 0.9997
Notes: We employ the g-prior suggested by Eicher et al. (2011) and model dilution prior sug-
gested by George (2010). The results of this BMA exercise are reported in Table B2.

Figure B4: Model size and convergence of the precision-weighted BMA estimation
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Notes: The figure depicts the posterior model size distribution and the posterior model probabilities of the
precision-weighted BMA exercise reported in Table B2.
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