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Gibbs sampling algorithm for the AIDS example

1. update θ = (θ00, θ01, θ10, θ11, θ20, θ21, θ30, θ31)
T: with prior for θ ∼ N(0, c0 · I) , the

conditional posterior is N(µθ,Σθ) with

Σ−1
θ = c−1

0 · I +
N∑
i=1

XT
i S−1

i R−1
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i Xi

µθ = Σθ
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i S−1

i R−1
i S−1

i (Yi − Zibi),

where Zi is a ni×1 vector of ones, Xi = (xi1, . . . ,xini
)T is the design matrix in the mean

with xij = (1, di, t
∗
ij, di · t∗ij, dosei, di · dosei, doseit

∗
ij, di · doseit

∗
ij)

T and t∗ij = (tij − 1)/13.

2. update bi: with bi ∼ N(0, σ2
b ), the conditional posterior of bi is N(µbi , σ

2
bi

) with
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= σ−2
b + ZT
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3. update σ2
b : with σ2

b ∼ Inverse-Gamma(a1, a2), the conditional posterior of σ2
b is

Inverse-Gamma(a1 +N/2, a2 +
N∑
i=i

b2i /2)

4. update γ̃0, γ̃1: Let γ̃0 = (ξT0 , ψ̃
T

0 )T and γ̃1 = (ξT1 , ψ̃
T

1 )T. With prior γ̃0 ∼ N(0,Σγ0 =[
103 · I2×2 02×10

010×2 σ2
γ0

I10×10

]
), γ̃1 ∼ N(0,Σγ1 =

[
103 · I2×2 02×10

010×2 σ2
γ1

I10×10

]
), we use a ran-

dom walk Metropolis algorithm to sample from the conditional posterior

f(γ̃0, γ̃1) ∝ exp

{
−0.5

N∑
i=1

(Yi −Xiθ − Zibi)
TS−1

i R−1
i S−1

i (Yi −Xiθ − Zibi)

}
N∏
i=1

|Ri|−1/2 exp(−0.5γ̃T
0 Σ−1

γ0
γ̃0 − 0.5γ̃T

1 Σ−1
γ1
γ̃1)

with the restriction gt1 ≤ 0. Note that here Ri needs to be updated accordingly.

5. update α0, α1: With prior α0 ∼ N(0, c0), α1 ∼ N(0, c0), we use a random walk

Metropolis algorithm to sample from the conditional posterior

f(α0, α1) ∝ exp

{
−0.5

N∑
i=1

(Yi −Xiθ − Zibi)
TS−1

i R−1
i S−1

i (Yi −Xiθ − Zibi)

}
N∏
i=1

|Si|−1 exp(−0.5α2
0/c0 − 0.5α2

1/c0).

Note that here Si needs to be updated accordingly.

6. update σ2
γ0

: with σ2
γ0
∼ Inverse-Gamma(a1, a2), the conditional posterior of σ2

γ0
is

Inverse-Gamma(a1 +K/2, a2 +
N∑
i=i

ψ̃
2

0/2),

where K is the number of knots in the penalized splines and ψ̃1.

7. update σ2
γ1

: with σ2
γ1
∼ Inverse-Gamma(a1, a2), the conditional posterior of σ2

γ1
is

Inverse-Gamma(a1 +K/2, a2 +
N∑
i=i

ψ̃
2

1/2),

where K is the number of knots in the penalized splines.
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8. Update the marginal covariate effects. Sample P(D = di | dosei = 1) and P(D =

di | dosei = 0) separately from Dirichlet(1, . . . , 1). The marginal covariates effects are

approximated as follows: the marginal intercept is β0 =
∑N0

i=1 P(D = di | dosei =

0)(θ00 + θ01di), the marginal main time effect is β1 =
∑N0

i=1 P(D = di | dosei = 0)(θ10 +

θ11di), the marginal main dose effect is β2 =
∑N1

i=1 P(D = di | dosei = 1)(θ00 +

θ01di + θ20 + θ21di)− β0 and the marginal interaction bewteen dose and time effects is

β3 =
∑N1

i=1 P(D = di | dosei = 1)(θ10 + θ11di + θ30 + θ31di)− β1, where N0 and N1 are

sample sizes in the high and low dose groups, respectively.
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