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This document contains supplementary material for the article ”Psychome-
tric Modelling of Longitudinal Genetically-Informative Twin Data”.

Below, you can find all JAGS scripts that were used either in the simulation
studies or in the data application. All scripts as well as the R script that
was used for the data cleaning can also be found online at the personal github
page of the first author at https://github.com/ingaschwabe/Psychometric

-Modelling-of-Longitudinal-Twin-Data.
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Longitudinal AE decomposition

IRT approach (Latent trait model)

Following JAGS script fits a longitudinal AE decomposition with an incorpo-
rated IRT Rasch model at the phenotypic level (Latent trait AE twin model).
The script was used for the first simulation study and the data application.

1 #============================================================================#
2 # Fol lowing JAGS s c r i p t f i t s a l o n g i t u d i n a l l a t e n t t r a i t−s t a t e AE twin model
3 # T = t o t a l number o f time po in t s ( equa l to 2 here )
4 # n dz = t o t a l number o f DZ twin f am i l i e s ; n dz = t o t a l number o f MZ f am i l i e s
5 # n items = t o t a l number o f que s t i onna i r e i tems
6 #
7 # Note t ha t t h i s s c r i p t works f o r 2 time po in t s but can e a s i l y be ad ju s t ed
8 # to work f o r more time po in t s .
9 # Any que s t i on s : Contact Inga Schwabe ( I . Schwabe@uvt . n l )

10 #============================================================================#
11
12 model{
13 # Twin model par t f o r MZ twins
14 for ( fam in 1 : n mz){
15 a1 mz [ fam , 1 :T] ˜ dmnorm(mu a [ 1 :T] , tau a [ 1 : T, 1 :T] )
16
17 # Mode l l ing phenotypes :
18 pheno mz twin1 [ fam , 1 :T] ˜ dmnorm(mu[ 1 :T] + a1 mz [ fam , 1 :T] ,
19 tau e [ 1 : T, 1 :T] )
20 pheno mz twin2 [ fam , 1 :T] ˜ dmnorm(mu[ 1 :T] + a1 mz [ fam , 1 :T] ,
21 tau e [ 1 : T, 1 :T] )
22
23 # IRT par t : Rasch model f o r both time po in t s
24 for ( k in 1 : n items ){
25 l o g i t (p mz twin1 t1 [ fam , k ] ) <− pheno mz twin1 [ fam , 1 ] − beta [ k ]
26 data mz twin1 t1 [ fam , k ] ˜ dbern (p mz twin1 t1 [ fam , k ] )
27
28 l o g i t (p mz twin2 t1 [ fam , k ] ) <− pheno mz twin2 [ fam , 1 ] − beta [ k ]
29 data mz twin2 t1 [ fam , k ] ˜ dbern (p mz twin2 t1 [ fam , k ] )
30 }
31
32 for ( k in 1 : n items ){
33 l o g i t (p mz twin1 t2 [ fam , k ] ) <− pheno mz twin1 [ fam , 2 ] − beta [ k ]
34 data mz twin1 t2 [ fam , k ] ˜ dbern (p mz twin1 t2 [ fam , k ] )
35
36 l o g i t (p mz twin2 t2 [ fam , k ] ) <− pheno mz twin2 [ fam , 2 ] − beta [ k ]
37 data mz twin2 t2 [ fam , k ] ˜ dbern (p mz twin2 t2 [ fam , k ] )
38 }
39 }
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40
41 # Twin model par t f o r DZ twins
42 for ( fam in 1 : n dz ){
43
44 a1 dz [ fam , 1 :T] ˜ dmnorm(mu a [ 1 :T] , tau a [ 1 : T, 1 :T] )
45 a2 dz [ fam , 1 :T] <− a1 dz [ fam , 1 :T] /sqrt (2 )
46
47 a3 dz twin1 [ fam , 1 :T] ˜ dmnorm(mu a [ 1 :T] , tau a [ 1 : T, 1 :T] )
48 a3 dz twin2 [ fam , 1 :T] ˜ dmnorm(mu a [ 1 :T] , tau a [ 1 : T, 1 :T] )
49
50 a4 dz twin1 [ fam , 1 :T] <− a3 dz twin1 [ fam , 1 :T] /sqrt (2 )
51 a4 dz twin2 [ fam , 1 :T] <− a3 dz twin2 [ fam , 1 :T] /sqrt (2 )
52
53 # Mode l l ing phenotypes :
54 pheno dz twin1 [ fam , 1 :T] ˜ dmnorm(mu[ 1 :T] + a2 dz [ fam , 1 :T] +
55 a4 dz twin1 [ fam , 1 :T] , tau e [ 1 : T, 1 :T] )
56 pheno dz twin2 [ fam , 1 :T] ˜ dmnorm(mu[ 1 :T] + a2 dz [ fam , 1 :T] +
57 a4 dz twin2 [ fam , 1 :T] , tau e [ 1 : T, 1 :T] )
58
59 # IRT par t (Rasch model f o r both time po in t s ) :
60 for ( k in 1 : n items ){
61 l o g i t (p dz twin1 t1 [ fam , k ] ) <− pheno dz twin1 [ fam , 1 ] − beta [ k ]
62 data dz twin1 t1 [ fam , k ] ˜ dbern (p dz twin1 t1 [ fam , k ] )
63
64 l o g i t (p dz twin2 t1 [ fam , k ] ) <− pheno dz twin2 [ fam , 1 ] − beta [ k ]
65 data dz twin2 t1 [ fam , k ] ˜ dbern (p dz twin2 t1 [ fam , k ] )
66 }
67
68 for ( k in 1 : n items ){
69 l o g i t (p dz twin1 t2 [ fam , k ] ) <− pheno dz twin1 [ fam , 2 ] − beta [ k ]
70 data dz twin1 t2 [ fam , k ] ˜ dbern (p dz twin1 t2 [ fam , k ] )
71
72 l o g i t (p dz twin2 t2 [ fam , k ] ) <− pheno dz twin2 [ fam , 2 ] − beta [ k ]
73 data dz twin2 t2 [ fam , k ] ˜ dbern (p dz twin2 t2 [ fam , k ] )
74 }
75 }
76
77 # Prior d i s t r i b u t i o n s
78 # Normal p r i o r f o r be ta item parameters :
79 for ( k in 1 : n items ){
80 beta [ k ] ˜ dnorm(0 , . 1 )
81 }
82
83 # The expec ted va lue o f the f i r s t time po in t i s s e t to 0 to i d e n t i f y the
84 # measurement s c a l e .
85 # A normal p r i o r i s s e t on the remaining time po in t averages
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86 mu[ 1 ] <− 0
87 mu[ 2 ] ˜ dnorm(0 , . 1 )
88
89 # Inver se Wishart p r i o r d i s t r i b u t i o n f o r covar iance matr ices
90 tau a [ 1 : T, 1 :T] ˜ dwish ( omega a [ , ] , T+1)
91 tau e [ 1 : T, 1 :T] ˜ dwish ( omega e [ , ] , T+1)
92
93 # Ca lcu l a t e i n v e r s e
94 Sigma a [ 1 : T, 1 :T] <− inverse ( tau a [ , ] )
95 Sigma e [ 1 : T, 1 :T] <− inverse ( tau e [ , ] )
96 }
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Sum-score approach

Following JAGS script fits a longitudinal AE twin model on sum-scores. The
script was used for the first simulation study and the data application.

1 #============================================================================#
2 # Fol lowing JAGS s c r i p t f i t s a l o n g i t u d i n a l AE twin model us ing sum−s core s
3 # T = t o t a l number o f time po in t s
4 # n dz = t o t a l number o f DZ twin f am i l i e s ; n dz = t o t a l number o f MZ f am i l i e s
5 #
6 # Any que s t i on s : Contact Inga Schwabe ( I . Schwabe@uvt . n l )
7 #============================================================================#
8
9 model{

10
11 # Twin model par t f o r MZ twins
12 for ( fam in 1 : n mz){
13 a1 mz [ fam , 1 :T] ˜ dmnorm(mu a [ 1 :T] , tau a [ 1 : T, 1 :T] )
14
15 # Mode l l ing phenotypes :
16 data mz twin1 [ fam , 1 :T] ˜ dmnorm(mu[ 1 :T] + a1 mz [ fam , 1 :T] , tau e [ 1 : T, 1 :T] )
17 data mz twin2 [ fam , 1 :T] ˜ dmnorm(mu[ 1 :T] + a1 mz [ fam , 1 :T] , tau e [ 1 : T, 1 :T] )
18 }
19
20 # Twin model par t f o r DZ twins
21 for ( fam in 1 : n dz ){
22
23 a1 dz [ fam , 1 :T] ˜ dmnorm(mu a [ 1 :T] , tau a [ 1 : T, 1 :T] )
24 a2 dz [ fam , 1 :T] <− a1 dz [ fam , 1 :T] /sqrt (2 )
25
26 a3 dz twin1 [ fam , 1 :T] ˜ dmnorm(mu a [ 1 :T] , tau a [ 1 : T, 1 :T] )
27 a3 dz twin2 [ fam , 1 :T] ˜ dmnorm(mu a [ 1 :T] , tau a [ 1 : T, 1 :T] )
28
29 a4 dz twin1 [ fam , 1 :T] <− a3 dz twin1 [ fam , 1 :T] /sqrt (2 )
30 a4 dz twin2 [ fam , 1 :T] <− a3 dz twin2 [ fam , 1 :T] /sqrt (2 )
31
32 # Mode l l ing phenotypes :
33 data dz twin1 [ fam , 1 :T] ˜ dmnorm(mu[ 1 :T] + a2 dz [ fam , 1 :T] +
34 a4 dz twin1 [ fam , 1 :T] , tau e [ 1 : T, 1 :T] )
35 data dz twin2 [ fam , 1 :T] ˜ dmnorm(mu[ 1 :T] + a2 dz [ fam , 1 :T] +
36 a4 dz twin2 [ fam , 1 :T] , tau e [ 1 : T, 1 :T] )
37 }
38
39 # Prior d i s t r i b u t i o n s
40
41 # Normal p r i o r f o r expec ted va l u e s o f time po in t s
42 for ( t imepoint in 1 :T){
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43 mu[ t imepoint ] ˜ dnorm(0 , . 1 )
44 }
45
46 # Inver se Wishart p r i o r d i s t r i b u t i o n f o r covar iance matr ices
47 tau a [ 1 : T, 1 :T] ˜ dwish ( omega a [ , ] , T+1)
48 tau e [ 1 : T, 1 :T] ˜ dwish ( omega e [ , ] , T+1)
49
50 # ca l c u l a t e i n v e r s e
51 Sigma a [ 1 : T, 1 :T] <− inverse ( tau a [ , ] )
52 Sigma e [ 1 : T, 1 :T] <− inverse ( tau e [ , ] )
53 }
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Longitudinal ACE model

IRT approach (Latent trait model)

Following JAGS script fits a longitudinal ACE twin model with an incorporated
IRT Rasch model at the phenotypic level (Latent trait ACE twin model).

1 #============================================================================#
2 # Fol lowing JAGS s c r i p t f i t s a l o n g i t u d i n a l ACE l a t e n t t r a i t−s t a t e AE twin model
3 # T = t o t a l number o f time po in t s ( equa l to 2 here )
4 # n dz = t o t a l number o f DZ twin f am i l i e s ; n dz = t o t a l number o f MZ f am i l i e s
5 # n items = t o t a l number o f que s t i onna i r e i tems
6 #
7 # Note t ha t t h i s s c r i p t works f o r 2 time po in t s but can e a s i l y be ad ju s t ed
8 # to work f o r more time po in t s .
9 # Any que s t i on s : Contact Inga Schwabe ( I . Schwabe@uvt . n l )

10 #============================================================================#
11
12 model{
13 # Twin model par t f o r MZ twins
14 for ( fam in 1 : n mz){
15
16 a1 mz [ fam , 1 :T] ˜ dmnorm(mu a [ 1 :T] , tau a [ 1 : T, 1 :T] )
17 c mz[ fam , 1 :T] ˜ dmnorm(mu c [ 1 :T] , tau c [ 1 : T, 1 :T] )
18
19 # Mode l l ing phenotypes :
20 pheno mz twin1 [ fam , 1 :T] ˜ dmnorm(mu[ 1 :T] + a1 mz [ fam , 1 :T] +
21 c mz[ fam , 1 :T] , tau e [ 1 : T, 1 :T] )
22 pheno mz twin2 [ fam , 1 :T] ˜ dmnorm(mu[ 1 :T] + a1 mz [ fam , 1 :T] +
23 c mz[ fam , 1 :T] , tau e [ 1 : T, 1 :T] )
24
25 # IRT par t : Rasch model f o r both time po in t s
26 for ( k in 1 : n items ){
27 l o g i t (p mz twin1 t1 [ fam , k ] ) <− pheno mz twin1 [ fam , 1 ] − beta [ k ]
28 data mz twin1 t1 [ fam , k ] ˜ dbern (p mz twin1 t1 [ fam , k ] )
29
30 l o g i t (p mz twin2 t1 [ fam , k ] ) <− pheno mz twin2 [ fam , 1 ] − beta [ k ]
31 data mz twin2 t1 [ fam , k ] ˜ dbern (p mz twin2 t1 [ fam , k ] )
32 }
33
34 for ( k in 1 : n items ){
35 l o g i t (p mz twin1 t2 [ fam , k ] ) <− pheno mz twin1 [ fam , 2 ] − beta [ k ]
36 data mz twin1 t2 [ fam , k ] ˜ dbern (p mz twin1 t2 [ fam , k ] )
37
38 l o g i t (p mz twin2 t2 [ fam , k ] ) <− pheno mz twin2 [ fam , 2 ] − beta [ k ]
39 data mz twin2 t2 [ fam , k ] ˜ dbern (p mz twin2 t2 [ fam , k ] )
40 }
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41 }
42
43 # Twin model par t f o r DZ twins
44 for ( fam in 1 : n dz ){
45 a1 dz [ fam , 1 :T] ˜ dmnorm(mu a [ 1 :T] , tau a [ 1 : T, 1 :T] )
46 a2 dz [ fam , 1 :T] <− a1 dz [ fam , 1 :T] /sqrt (2 )
47
48 a3 dz twin1 [ fam , 1 :T] ˜ dmnorm(mu a [ 1 :T] , tau a [ 1 : T, 1 :T] )
49 a3 dz twin2 [ fam , 1 :T] ˜ dmnorm(mu a [ 1 :T] , tau a [ 1 : T, 1 :T] )
50
51 a4 dz twin1 [ fam , 1 :T] <− a3 dz twin1 [ fam , 1 :T] /sqrt (2 )
52 a4 dz twin2 [ fam , 1 :T] <− a3 dz twin2 [ fam , 1 :T] /sqrt (2 )
53
54 c dz [ fam , 1 :T] ˜ dmnorm(mu c [ 1 :T] , tau c [ 1 : T, 1 :T] )
55
56 # Mode l l ing phenotypes :
57 pheno dz twin1 [ fam , 1 :T] ˜ dmnorm(mu[ 1 :T] + a2 dz [ fam , 1 :T] +
58 a4 dz twin1 [ fam , 1 :T] + c dz [ fam , 1 :T] ,
59 tau e [ 1 : T, 1 :T] )
60 pheno dz twin2 [ fam , 1 :T] ˜ dmnorm(mu[ 1 :T] + a2 dz [ fam , 1 :T] +
61 a4 dz twin2 [ fam , 1 :T] + c dz [ fam , 1 :T] ,
62 tau e [ 1 : T, 1 :T] )
63
64 # IRT par t (Rasch model f o r both time po in t s ) :
65 for ( k in 1 : n items ){
66 l o g i t (p dz twin1 t1 [ fam , k ] ) <− pheno dz twin1 [ fam , 1 ] − beta [ k ]
67 data dz twin1 t1 [ fam , k ] ˜ dbern (p dz twin1 t1 [ fam , k ] )
68
69 l o g i t (p dz twin2 t1 [ fam , k ] ) <− pheno dz twin2 [ fam , 1 ] − beta [ k ]
70 data dz twin2 t1 [ fam , k ] ˜ dbern (p dz twin2 t1 [ fam , k ] )
71 }
72
73 for ( k in 1 : n items ){
74 l o g i t (p dz twin1 t2 [ fam , k ] ) <− pheno dz twin1 [ fam , 2 ] − beta [ k ]
75 data dz twin1 t2 [ fam , k ] ˜ dbern (p dz twin1 t2 [ fam , k ] )
76
77 l o g i t (p dz twin2 t2 [ fam , k ] ) <− pheno dz twin2 [ fam , 2 ] − beta [ k ]
78 data dz twin2 t2 [ fam , k ] ˜ dbern (p dz twin2 t2 [ fam , k ] )
79 }
80 }
81
82 # Prior d i s t r i b u t i o n s
83 # Normal p r i o r f o r be ta item parameters :
84 for ( k in 1 : n items ){
85 beta [ k ] ˜ dnorm(0 , . 1 )
86 }
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87
88 # The expec ted va lue o f the f i r s t time po in t i s s e t to 0 to i d e n t i f y the
89 # measurement s c a l e . A normal p r i o r i s s e t on the remaining time po in t averages
90 mu[ 1 ] <− 0
91 mu[ 2 ] ˜ dnorm(0 , . 1 )
92
93 # Inver se Wishart p r i o r d i s t r i b u t i o n f o r covar iance matr ices
94 tau a [ 1 : T, 1 :T] ˜ dwish ( omega a [ , ] , T+1)
95 tau e [ 1 : T, 1 :T] ˜ dwish ( omega e [ , ] , T+1)
96 tau c [ 1 : T, 1 :T] ˜ dwish ( omega c [ , ] , T+1)
97
98 # Ca lcu l a t e i n v e r s e :
99 Sigma a [ 1 : T, 1 :T] <− inverse ( tau a [ , ] )

100 Sigma e [ 1 : T, 1 :T] <− inverse ( tau e [ , ] )
101 Sigma c [ 1 : T, 1 :T] <− inverse ( tau c [ , ] )
102 }
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IRT approach (Latent trait model): Alternative prior

Following JAGS script fits a longitudinal ACE twin model with an incorporated
IRT Rasch model at the phenotypic level (Latent trait ACE twin model). This
script was used in the additional simulation study.

1 #============================================================================#
2 # Fol lowing JAGS s c r i p t f i t s a l o n g i t u d i n a l ACE l a t e n t t r a i t−s t a t e AE twin model
3 # T = t o t a l number o f time po in t s ( equa l to 2 here )
4 # n dz = t o t a l number o f DZ twin f am i l i e s ; n dz = t o t a l number o f MZ f am i l i e s
5 # n items = t o t a l number o f que s t i onna i r e i tems
6 #
7 # Note t ha t t h i s s c r i p t works f o r 2 time po in t s but can e a s i l y be ad ju s t ed
8 # to work f o r more time po in t s .
9 # Any que s t i on s : Contact Inga Schwabe ( I . Schwabe@uvt . n l )

10 #============================================================================#
11
12 model{
13 # Twin model par t f o r MZ twins
14 for ( fam in 1 : n mz){
15
16 a1 mz [ fam , 1 :T] ˜ dmnorm(mu a [ 1 :T] , tau a [ 1 : T, 1 :T] )
17 c mz[ fam , 1 :T] ˜ dmnorm(mu c [ 1 :T] , tau c [ 1 : T, 1 :T] )
18
19 # Mode l l ing phenotypes :
20 pheno mz twin1 [ fam , 1 :T] ˜ dmnorm(mu[ 1 :T] + a1 mz [ fam , 1 :T] +
21 c mz[ fam , 1 :T] , tau e [ 1 : T, 1 :T] )
22 pheno mz twin2 [ fam , 1 :T] ˜ dmnorm(mu[ 1 :T] + a1 mz [ fam , 1 :T] +
23 c mz[ fam , 1 :T] , tau e [ 1 : T, 1 :T] )
24
25 # IRT par t : Rasch model f o r both time po in t s
26 for ( k in 1 : n items ){
27 l o g i t (p mz twin1 t1 [ fam , k ] ) <− pheno mz twin1 [ fam , 1 ] − beta [ k ]
28 data mz twin1 t1 [ fam , k ] ˜ dbern (p mz twin1 t1 [ fam , k ] )
29
30 l o g i t (p mz twin2 t1 [ fam , k ] ) <− pheno mz twin2 [ fam , 1 ] − beta [ k ]
31 data mz twin2 t1 [ fam , k ] ˜ dbern (p mz twin2 t1 [ fam , k ] )
32 }
33
34 for ( k in 1 : n items ){
35 l o g i t (p mz twin1 t2 [ fam , k ] ) <− pheno mz twin1 [ fam , 2 ] − beta [ k ]
36 data mz twin1 t2 [ fam , k ] ˜ dbern (p mz twin1 t2 [ fam , k ] )
37
38 l o g i t (p mz twin2 t2 [ fam , k ] ) <− pheno mz twin2 [ fam , 2 ] − beta [ k ]
39 data mz twin2 t2 [ fam , k ] ˜ dbern (p mz twin2 t2 [ fam , k ] )
40 }
41 }
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42
43 # Twin model par t f o r DZ twins
44 for ( fam in 1 : n dz ){
45 a1 dz [ fam , 1 :T] ˜ dmnorm(mu a [ 1 :T] , tau a [ 1 : T, 1 :T] )
46 a2 dz [ fam , 1 :T] <− a1 dz [ fam , 1 :T] /sqrt (2 )
47
48 a3 dz twin1 [ fam , 1 :T] ˜ dmnorm(mu a [ 1 :T] , tau a [ 1 : T, 1 :T] )
49 a3 dz twin2 [ fam , 1 :T] ˜ dmnorm(mu a [ 1 :T] , tau a [ 1 : T, 1 :T] )
50
51 a4 dz twin1 [ fam , 1 :T] <− a3 dz twin1 [ fam , 1 :T] /sqrt (2 )
52 a4 dz twin2 [ fam , 1 :T] <− a3 dz twin2 [ fam , 1 :T] /sqrt (2 )
53
54 c dz [ fam , 1 :T] ˜ dmnorm(mu c [ 1 :T] , tau c [ 1 : T, 1 :T] )
55
56 # Mode l l ing phenotypes :
57 pheno dz twin1 [ fam , 1 :T] ˜ dmnorm(mu[ 1 :T] + a2 dz [ fam , 1 :T] +
58 a4 dz twin1 [ fam , 1 :T] + c dz [ fam , 1 :T] ,
59 tau e [ 1 : T, 1 :T] )
60 pheno dz twin2 [ fam , 1 :T] ˜ dmnorm(mu[ 1 :T] + a2 dz [ fam , 1 :T] +
61 a4 dz twin2 [ fam , 1 :T] + c dz [ fam , 1 :T] ,
62 tau e [ 1 : T, 1 :T] )
63
64 # IRT par t (Rasch model f o r both time po in t s ) :
65 for ( k in 1 : n items ){
66 l o g i t (p dz twin1 t1 [ fam , k ] ) <− pheno dz twin1 [ fam , 1 ] − beta [ k ]
67 data dz twin1 t1 [ fam , k ] ˜ dbern (p dz twin1 t1 [ fam , k ] )
68
69 l o g i t (p dz twin2 t1 [ fam , k ] ) <− pheno dz twin2 [ fam , 1 ] − beta [ k ]
70 data dz twin2 t1 [ fam , k ] ˜ dbern (p dz twin2 t1 [ fam , k ] )
71 }
72
73 for ( k in 1 : n items ){
74 l o g i t (p dz twin1 t2 [ fam , k ] ) <− pheno dz twin1 [ fam , 2 ] − beta [ k ]
75 data dz twin1 t2 [ fam , k ] ˜ dbern (p dz twin1 t2 [ fam , k ] )
76
77 l o g i t (p dz twin2 t2 [ fam , k ] ) <− pheno dz twin2 [ fam , 2 ] − beta [ k ]
78 data dz twin2 t2 [ fam , k ] ˜ dbern (p dz twin2 t2 [ fam , k ] )
79 }
80 }
81
82 # Prior d i s t r i b u t i o n s
83 # Normal p r i o r f o r be ta item parameters :
84 for ( k in 1 : n items ){
85 beta [ k ] ˜ dnorm(0 , . 1 )
86 }
87
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88 # The expec ted va lue o f the f i r s t time po in t i s s e t to 0 to i d e n t i f y the
89 # measurement s c a l e .
90 # A normal p r i o r i s s e t on the remaining time po in t averages
91 mu[ 1 ] <− 0
92 mu[ 2 ] ˜ dnorm(0 , . 1 )
93
94 # Inver se Wishart p r i o r d i s t r i b u t i o n f o r covar iance matr ices
95 tau a [ 1 : T, 1 :T] ˜ dwish ( omega a , nu a )
96 tau c [ 1 : T, 1 :T] ˜ dwish ( omega c , nu c )
97 tau e [ 1 : T, 1 :T] ˜ dwish ( omega e , nu e )
98
99 # Ca lcu l a t e i n v e r s e :

100 Sigma a [ 1 : T, 1 :T] <− inverse ( tau a [ , ] )
101 Sigma e [ 1 : T, 1 :T] <− inverse ( tau e [ , ] )
102 Sigma c [ 1 : T, 1 :T] <− inverse ( tau c [ , ] )
103
104 # Hyperprios f o r the in v e r s e Wishart p r i o r s
105
106 # Hyperpr iors covar iance matrix
107 for (d in 1 : 2 ){
108 omega a [ d , d ] <− lambda a [ d ]
109 omega c [ d , d ] <− lambda c [ d ]
110 omega e [ d , d ] <− lambda e [ d ]
111
112 lambda a [ d ] <− exp( Loglambda a [ d ] )
113 lambda c [ d ] <− exp( Loglambda c [ d ] )
114 lambda e [ d ] <− exp( Loglambda e [ d ] )
115
116 Loglambda a [ d ] ˜ dunif (−100 ,100)
117 Loglambda c [ d ] ˜ dunif (−100 ,100)
118 Loglambda e [ d ] ˜ dunif (−100 ,100)
119 }
120
121 # Hyperiors degree o f freedom
122 # 2 = t o t a l number o f t imepo in t s
123 nu a ˜ dunif (2 ,100)
124 nu c ˜ dunif (2 ,100)
125 nu e ˜ dunif (2 ,100)
126
127 # Set o f f d iag e lements to 0
128 omega a [ 1 , 2 ] <− 0
129 omega a [ 2 , 1 ] <− 0
130
131 omega c [ 1 , 2 ] <− 0
132 omega c [ 2 , 1 ] <− 0
133
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134 omega e [ 1 , 2 ] <− 0
135 omega e [ 2 , 1 ] <− 0
136 }
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