
A Appendix 

A.1 Posterior distributions in the MDA algorithm 

A.1.1 Posterior distribution of ( , ,i id W  )imy   

Let ( , )i imim =y yW  and 1( , , , )i i iq ioX x x= … ′ ′y . Let 
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U  be a partition of the 

( ) 1iQ s+ ×  vector ( , 1, )
ij s j−− ′ ′θ 0  according to the elements in Xi and imy . Let 
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subject to 0i >W , where 1im m= + , A0 is a i im m×  matrix with 1 at its (1, 1) entry 
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syntax  

index=mtilde:1;  
Lwi = (root(Awi[index,index]))[index,index];

Equation (19) implies that we can draw ( , , )i i imd yW  sequentially from  
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The marginal distribution of iW  is 2
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, but the marginal 

distribution of di is not gamma due to the restriction 0i >W .  

The posterior distribution of imy  can be equivalently written as  
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where h is the index of the first missing observation for subject i in pattern s, 
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U  

is a sub-vector of ( , 1, )
ij s j−− ′ ′θ 0  corresponding to the elements in 
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A.1.2 Posterior distribution of g in step PX1 

The posterior distribution of g with a Harr prior 1g −  and Jacobian n pg −  is  
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A.1.3 Posterior distribution of h in step PX2 

The posterior distribution of h with a Harr prior 1h−  and Jacobian n ph −  is  

22
2

11 2 1
2

4

pos( ) exp exp .
2 2

pn j
j ji i

jn p i

d
d

h h h h
h

ψγ ψ
π=− − =

⎛ ⎞⎛ ⎞
⎜ ⎟⎜ ⎟
⎜ ⎟∝ − −⎜ ⎟
⎜ ⎟⎜ ⎟

⎜ ⎟ ⎜ ⎟⎝ ⎠ ⎝ ⎠

∑∑ W
 

The posterior distribution of 2H h=  is  
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A.1.4 Prior and posterior distributions of ν 

We firstly derive the PC prior for ν. The Kullback-Leibler (KL) distance between 

the multivariate t distribution 2( , , )t ν ν
ν
− Σμ  and the normal distribution ( , )N Σμ  is  
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since the first integration equals 
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The posterior distribution of ν is given by  
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For subjects with no intermittent missing data, the skew-t density function can be 
computed without matrix inversion using the following relationship 
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A.2 Adaption of the MDA algorithm for MMRM-sn 

For MMRM-sn (i.e. ν ≡ ∞ ), the MDA algorithm A can easily adapted by ignoring 
steps P2 and PX1, and setting 1id ≡  and * 1id ≡  in drawing ( , , , )

jj j jdψγ ρθ ’s and 

( , )i imyW ’s. For example, ( , )i imyW  in step I can be imputed by modifying the 

posterior distribution (20) as  
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A.3 Adaption of the MDA algorithm for MMRM-t 

For MMRM-t (i.e. 0jψ ≡  for 1, , , 0ij p= … ≡W ), the MDA algorithm A needs the 

following modifications: 
1. Step PX2 is no longer needed. 
2. Step P1: Remove iW  from the model. Set 0
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inverse Wishart or Jeffrey’s prior (with fixed Aw and nw) instead of the hierarchical 
prior of Huang and Wand [49] is used, step P0 shall be ignored. 
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4. Step PX1: g is randomly drawn from 
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