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Web Appendix A: Priors and Conditional Draws of the Gibbs Sampler

Let Yi and Ci denote the vectors of Yij and Cij for subject i. For notational sim-
plicity, let Xij = [I(Ci1 = c, Zi = 0), · · · , I(Ci5 = n, Zi = 1),Ai] denote the row vector
of the fixed effect, and Xi denote the design matrix of the fixed effect for subject i with 5
(number of follow-ups) rows. Let β = [λ1c0, · · · , λ5n1,γ] denote the vector of coefficients
corresponding to the fixed effect.

We assume the conjugate priors β ∼ MV N(µβ, Σβ) and σ2 ∼ Inv − χ2(df = νσ, ψ).
We assume ϕi ∼ MV N(0, Σϕ) for the subject-level random effects, and the hyperprior
Σϕ ∼ Inv−Wishart(df = νϕ, Γ). For compliance superclass and compliance class prob-
abilities, we assume the priors (p1, · · · , pK) ∼ Dirichlet(a1, · · · , aK), α ∼ MV N(0, Σα)
where α = [α01c, · · · , α0Kn,α1c,α1n], and (πkjη′c, πkjη′n) ∼ Dirichlet(bc, bn) ∀k, j, η′.
Gibbs sampling (Geman and Geman, 1984; Gelfand and Smith, 1990; Imbens and Ru-
bin, 1997) is used to obtain draws from the posterior distributions of the parameters.
The posterior distributions from which the model parameters are drawn are presented
in the Appendix. The posterior distribution (α|C,U,Q) is not of a known parametric
form. Therefore, we use the Metropolis-Hasting algorithm (Hastings, 1970) to draw the
α parameters.

The distributions from which parameters are drawn at each iteration in the Gibbs sam-
pling are as follows:
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(p1, · · · , pK |U, a1, · · · , ak) ∼ Dirichlet(r1, · · · , rK)
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P (Cij = c|Yij, Zi, Dij, Ui,λ,Ai,γ,Wi,ϕi,Qi, α, σ2)
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and φ(S) is the pdf for standard normal distribution evaluated at S
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