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Appendix A

The mean and variance equations in (10) are derived as follows. By letting exp (X, 8 + uj) =
piswie an element of vector E (Y;) is given by E (Yi) = it fbu,,» Where p,,, = E(wj). Using the
usual formual to partition variability the variance equals var (¥;) = [LIZ[O'UJ” + Wit by, - Similarly
fort #s,

cov(Yy,Yis) = E(E(cov(Yi,Yis|wir,wis)))
+  cov(E (E (Yi|wi)),E (E (Yis|wis)))
+  E(cov(E (Yi|wir),E (Yis|wis))) -

It is straightforward to show that the first part is 0, the second part equals cov (fir s, s fista;, ) =
0, and the last part is E (cov (piswit, fisWis)) = it bisOuy, - Reorganizing terms leads to (10).

Appendix B

McMC PSN. For the PSN model, after some algebra, we derive the following complete condi-
tional posteriors
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where Cg = (‘772 Z?:1X§Xi+VE') e = 0500 + 0 Sy Yz (0 =X B), Xi
= (X;1,Xi2, -+ ,Xin) and y = (y1,¥2,--- ,¥a) Withy; = (yi1,¥i2,---,yir) . It is seen that all condi-
tional posteriors, except for 6, are analytically in closed forms of known distributions and thus
simulation is easy. To generate 6;; for subjecti=1,--- ;nand at timet = 1,---,T, a Metropolis-
within-Gibbs algorithm, which is available in the OpenBugs software, is used.

The Gibbs sampling to fit mixed Poisson models with multivariate skew-normal mixing priors
are given as follow.

e McMC PMSNI. Using the hierarchical form for PMSN1 and adopting the priors, we
derive the related complete conditional posteriors as follow
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where Cs5 = (Vg1 +v-! zl'-’zlzlz)fl, co, = (6, —X;B—0z)' V1 (8, - X;B — 6z), Cy =
—1
Q+37 (0 —XiB—6z) (; — Xi — 6z;)',and Cp = (zf’:ngV*IX,-JrVEI) ,and X; =

(Xi1, X0, Xi7) -

e McMC PMSN2. Using the hierarchical form for PMSN2 and adopting similar priors given
in PMSNI1 for 8 and 8, IWr (Q,m,) for matrix V., the inverse-Gamma IG(~,) for the
variance component o2, the complete conditional posteriors are derived as

i) Bly,others ~ Ny (dg,Cp),
ii) Vely,others ~ IWr (Cy_,n+m.),
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iv) 8|y, others ~ Nr (ds,Cs),
v) zily,others ~ TN (5’V:IZZS+ D 6/V€}5+ 1) 1(0,0),
1,V:1 (0, — XiB - 6z) 1 )
1,V "1r+o.2 "1,V 17+40,2)7

. 1
Vll) ™ (01|y7 Others) 0 { I_ltT:1 eieel[ it } 67§C0i7

vi) a;ly,others ~ N (

where Cg = (zl’.’:, XivX; +VE') 71, Cs = (V5'+VIiye, 21-2)71, c;; = §'V!
(0; — XiB — ailr), co, = (0 — XiB — 6z — aily) V' (8; — XiB — bz — ayl7), dg = Cp
{er'l:l XV (6, — 6z — aily) + Vglﬂo}» ds =Cs (V5'60+3" 2V (0 — XiB— ailr)),
and Cy, = Q. + 57, (6; — X;B — 6z; — a;l7) (8; — X;B — 6z — ayl7)'.

e McMC PMSN3. Using the hierarchical form for PMSN3 and letting the underlying priors

being similar to those given in model PMSN2 except that for § the prior § ~ N (50, O’%) is
replaced. The complete conditional posteriors are derived as

i) Bly.others ~ N (Cp { Y1, XIVZ" (0= aulr) + V5' Bo | .C5)
ii) V.|y,others ~ IWr (Cy_,n+m.)

see n 1
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Posterior plots in the health reform data analysis: Figure 1 shows the history, Gelman-Rubin
diagnostic, kernel density, and autocorrelation plots for the PMSN2 and /5. By using two differ-
ent sequences of starting points, the Gelman-Rubin diagnostic plot shows the same behaviour.
Also, we observe a low correlation between successive samples in the autocorrelation plot. More-
over, the history plot moves up and down around the mode of the distribution. Thus the samples

will reach a stationary distribution.
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Figure 1: The posterior plots of B5 in the simulation study.



