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Introduction

This document supplements the main paper titled “Hierarchical models for clustered
semi-competing risks data with application to pancreatic cancer”. In Section A, we provide
technical details regarding the MVN-ICAR specification for baseline hazard functions in
PEM models. In Section B, we provide a detailed description of the Metropolis-Hastings-
Green algorithm to implement our proposed Bayesian framework (Weibull-MVN, Weibull-
DPM, PEM-MVN, PEM-DPM). In Section C, we examine the potential use of methods
proposed in Gorfine and Hsu (2011) and Liquet et al. (2012) in the context of the mo-
tivating application. In Section D, we provide results from simulation studies that were
not presented in the main paper. Finally, Section E supplements analyses of Medicare
data from New England in our main paper with i) some additional results, ii) a visual
assessment of convergence of the proposed MCMC schemes using potential scale reduction
factor, and iii) an extension for the semi-Markov Weibull-MVN in which the proportional
hazards assumption is relaxed.

In order to distinguish the two documents, alpha-numeric labels are used for sections,

tables, figures, and equations in this document while numeric labels are used in the main

paper.



A MVN-ICAR Specification for A,

In MVN-ICAR, the specification of a prior for the components of A, is considered as a one-
dimensional spatial problem. The dependence between neighboring intervals are modeled
via a Gaussian intrinsic conditional autoregression (ICAR) (Besag and Kooperberg, 1995).
Let )\g_k) denote the vector given by A, with the k" element removed. The full conditional

prior for A, is then taken to be the following normal distribution:
)\97;6\)\5]_’“) ~ Normal(v, k, 037,{7), (1)

where the conditional mean, vy = py, + >, Wi (Ag; — ), is a marginal mean plus a
weighted sum of the deviations of the remaining intervals. Let Ai = Sgk — Sgk—1 denote
the length of the I, interval. We determine the weights for the intervals adjacent to the
k" intervals based on these lengths as follows:

o, (A +AY) o __oAL+AL) @
ALy +2A0+ AL D AL A+ AR

Wkg(kq) =

where the constant ¢, € [0,1] dictates the extent to which Ay is influenced by adjacent
intervals (Haneuse et al., 2008). The remaining weights corresponding to intervals which
are not directly adjacent to the k™ interval are set to zero. The conditional variance 0§7k
in (1) is given by aig Q7. The aig is an overall measure of variation across the elements of
A, and the diagonal matrix @7 is given by

2
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Given (1), (2), and (3), we can see that A, jointly follows a (/K ,+1)-dimensional multivariate

normal (MVN) distribution:

MVNg, 11(2,1, 03,%n,); (4)

where p, is the overall (marginal) mean, 0/2\9 the overall variability in elements of A,. The

¥, is given by (I — W9)7'QY, where a (K, + 1) x (K, + 1) matrix W&,’j):W]fj and a
(K, +1) x (K, + 1) diagonal matrix Q?k,k):QZ'



B Metropolis-Hastings-Green Algorithm

B.1 Weibull models

Let Ow = {1, Qw2, Qu 1, K, Kw2s Kws, B, B2, Bs, 7, V'} be a set of parameters in the
likelihood function of Weibull models. The observed data likelihood Ly (D|®y ) is given
by

n
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J
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b1 )5]'1'2(1_5]'1'1)

X <7jiaw,2/€w,2y?{§’ Nji2 exp { —rw (Yji1, Yjiz) } (5)

where 7;;, = exp (a:jTZ-g,Bg + ng) and
rw (i1, tjiz)

Qw,1 Qw,2 (e}
Vi {"fw,ltjﬁ Nji1 + /{wztﬁ“{ Nji2 + (/{w73tﬂ1§ — Kuw 315]21 ) njig} , for Markov model

Vii [/@w71t?f1”1nji1 + Kw72t?ﬁ’27’]ﬁ2 + {Kuws(tjie — tji)™ }77]23] for semi-Markov model
For Weibull models, we use a random scan Gibbs sampling scheme, randomly selecting

and updating a (vector of) model parameter at each iteration.

B.1.1 Updating g3,

Let ®=(® denote a set of parameters ® with 8 removed. The full conditional posterior

distribution of By can be obtained by
(82,0, %)) o LW(D|<I>W)

1, @ +V;
X HHexp( ﬂlwﬂlﬁl Vjibw, 1y]w %P al).

Jj=11i=1
Analogously, the full conditionals of 35 and 33 are given by

J ny
W(IB2|¢;V(BQ)7 07 EV) X H H €Xp {6322( jll) j'LQIBQ ViiRw, ng w, 26m31232+V]2} ’
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J N
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j=1i=1



Since the full conditionals do not have standard forms, we use Metropolis Hastings (MH)
algorithm to update each element of By, By1,..., By, - In our algorithm, the conventional
random walk MH is improved in convergence speed by taking some meaningful function of
the current value 55?,;1) for the mean and variance of Normal proposal density. Specifically,
let Di(fy) and Do(f,) denote the first and second gradients of log-full conditional of
B, with respect to By, then a proposal 6* is drawn from a Normal proposal density
that is centered at u(ﬁ(t 1)) = Bét,zl) ( ) /Dy (ﬁ(t 2 ) the updated value from the
Newton-Raphson algorithm, with a variance o (ﬂyk Yy = —2.42/D, ( ) based on the
inverse Fisher information evaluated with ng (Roberts et al., 2001; Gelman et al., 2013).
Therefore, the acceptance probability for 3, is given by

w8510y ™6, Sy )Normal (8" |u(8"), (87

(t=1) B (t—1) =15\’ (6)
7(85 1@y, 0, 5 ) Normal (81u(85: "), o2(55 ) )

where ,Bf(ffl) is a sample of B, at current iteration and 3; is the 8, with k-th element
replaced by [*.

B.1.2 Updating a4

The full conditional posterior distribution of «,,; is given by

7T(O!w71|(1)‘;/(aw’l),9, Ev)
X Lw(D|(I)W> X 7T<Oéw1>

acxl 1 —b Q. 1 Oéwl le Qi1
X oy ercwt | | | | 1Y) exp (Vikw 1Y M) -
7j=1:1=1

Analogously, the full conditionals of a2 and o, 3 are given by

J ny
—(aw,2) a 2 1 —ba2a o 2 8ji2(1—65i1) Qw2
(2| Py 7, 0,8y) < 2 MHH 2l 555 ) exp (—vjikw2¥jii Mjiz) »
Jj=11i=1
J ny
_(041,0,3) (1013 1 7b [e% Olw3 ]zl‘sin
(s Py 7,0, 8y) < a, o3 W3HH Cw 3Y 45
j=11:=1

X €Xp {—’sz'/fw,s <y]af§ - y;xff 3) 77ji3} .

In MH algorithm to update ozw g, we generate a proposal a* from a Gamma distribution

with Gamma ((aw,g )2 [k, ally P / k:0> which corresponds to a distribution with a mean of
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ozq(ff,_gl) and a variance of ky. The value of kg is specified such that the MH step for a,,,

achieves an acceptance rate of 25% ~ 30%. Finally the acceptance probability to update

Qg can be written as

w012, 0,5)G (alis () o, 0l /Ko

m(alsg |2, 0,20)G (o | (alig" )2 ko, alis ko)

B.1.3 Updating k4

The full conditional posterior distribution of s, , can be obtained by
T(Kug| Py, 0,51) o Ly (D] @) X (1)

We see that the full conditionals of x,, 4 are gamma distributions and the samples can be

drawn from following distributions:

J n J oy
F&w,ﬂq’l}(nw’l), 0,%y ~ Gamma <Z Z 0ji1 + A1, Z Z’iny?{f’lﬁjil + bm) )

j=1 i=1 j=1 i=1
J ny J ny
ﬁw,2|q>1;/(nw’2), 0,Xy ~ Gamma <Z Z 5jz’2(1 - 5ji1) + ax2, Z Z sz‘y?ﬁ’znm + 55,2) )
j=1 i=1 =1 i=1
J nj J ny
ﬁw,gl@l}(m’g), 0,%y ~ Gamma (Z Z 05i10ji2 + Q3 Z Vi (ngs - yjaﬁg) Nji3 + bn,3> .
j=1 i=1 j=1 i=1

B.1.4 Updating ~;;
The full conditional posterior distribution of «;; is given by

Tr(fyjl|(p;{/g’yjb)7 97 EV)
x Ly (D|®w) x m(v;i|0)

8ji1+0ji2+07 1 =1 -
W exp [ (g Ygi) — 07 )

X
Therefore, we sample v;; from

Gamma (53'@'1 + 0jin + 07", rw(yjin, vz v = 1) + 9_1) .



B.1.5 Updating 6

Let & = 1/60 denote the precision parameter of frailty distribution. The full conditional

posterior distribution of ¢ is given by

r(€@w.5y) o« 7O [[[[#0n0)

j=1i=1
€n§+be—1 6*5(23’:1 > viitae

) L
> NG [T

j=11i=1

We revise the traditional random walk MH algorithm for updating £ as done in Section

B.1.1 for B,. Let pe(§) = & — min{0, D1(§)/D2e(§)} and 0f(§) = —co/Dae(€), where
D, (&) and Dy¢(&) are the first and second gradients of log 71'(6’(1);1/(6), Yy) with respect to

&. A proposal £* is generated from the following Gamma distribution

Gamma (ue(§")? o (€47Y), ul(€") /ot ("))

The value of ¢y > 0 is specified such that the algorithm achieve the desired acceptance rate.
The acceptance probability to update £ is then given by

(€| Pw, Xy)Gamma (€*|ue(§4)*/og(§7), p(€)/oE(€))
(€D Dy, Sy)Gamma (€7 |ue (€4D)2 /o (§4D), u(§t-1)/oF(€0-1))

B.1.6 Updating V; for Weibull-MVN model

The full conditional posterior distribution of V}; can be obtained by
T(Val®u' ™ 0,5y) o Lw(D|®w) x 7(V;[Sy).

S o (N
X exp {Z (Vindjn — ’in/ﬁw,lyj;f’lﬂjil) - 5‘/}TEV1‘/}} :

i=1

Analogously, the full conditionals of Vj, and Vj3 can be written as

v i N 1 -
(Vi@ 0,5) o exp {Z (Viadjia(1 = 801) — Vjikw2¥ji1 “jia) — §VjT2v1Vj} ,
i=1
_ V} - Qo Qi ]' —
7(‘/1'3’@14/( '3)7 0,3y) o exp {Z (‘/jB(sjil(sjiZ - ’Vjifiw,:s(yjn’s - yjz‘l’s)??ji:a) - 5‘/}TEV1‘/}} :
i=1

As done in Section B.1.1, in a MH step for updating Vj,, we sample a proposal V* from

a Normal distribution that is centered at uV(Vj(;_l)) = Vj(;_l) - DLV(VJA(;_I))/DQ,V(VJ.(;_I))
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and has a variance of o (V¢V) = —2.42/D, V(V(t_l)) where Dy (V,) and Dy v (Vj,) are
the first and the second gradients of log 7r(V]g|CI> Vi) g , Xy) with respect to Vj,. Finally,
the acceptance probability is given by

(V25" 0 Ev)Normad( =0 (V )aa(v*))

7T( (t=1) |CI> (Vie) g , Xy )Normal (V*\,u ( (= 1))70‘2/(V‘(t—1))>‘

B.1.7 Updating >y for Weibull-M VN model

The full conditional posterior distribution of ¥y, can be written as

J
T(Sy|Pw,0) o 7(Sy) [[(Vi[Ey)
7=1

J
Pu 1
x |Ev|_“‘2 +4 exp {—5 (Z VJVJT + \IJU> E‘—/l} :

Jj=1

Therefore, we update Xy from the following inverse-Wishart distribution:

J
Yy |®Pw, 0 ~ inverse-Wishart (Z V}V}T +v,, J+ pv) .

j=1
B.1.8 Updating V; and ¥y for Weibull-DPM model

Towards developing this model, suppose that, instead of arising from a single distribution,
the V; are draws from a finite mixture of M multivariate Normal distributions, each with
their own mean vector and variance-covariance matrix, (ft,,, 3,,) for m = 1,..., M. Let
m; € {1,...,M} denote the specific component or class to which the j* hospital be-
longs. Since the class-specific (p,,, 3,,) are not known they are taken to be draws from
some distribution, Gy. Furthermore, since the ‘true’ class memberships are not known,
we denote the probability that the ;'™ hospital belongs to any given class by the vector
p = (p1,...,pn) whose components add up to 1.0. In the absence of prior knowledge
regarding the distribution of class memberships for the J hospitals across the M classes, a
natural prior for p is the conjugate symmetric Dirichlet(7/M, ..., 7/M) distribution; the

hyperparameter, 7, is often referred to as the precision parameter (Walker and Mallick,



1997). Jointly, this finite mixture distribution can be summarized by:
Vilm; ~ MVN (g, X, ),
(Hmy Xm) ~ Gy, form=1,.... M,
mj|lp ~ Discrete(m;| p1,...,pm),
p ~ Dirichlet(r/M,... 7/M). (7)

Finally, letting M — oo the resulting specification is referred to as a Dirichlet process
mixture of multivariate Normal distributions (DPM-MVN) (Ferguson, 1973; Bush and
MacEachern, 1996). When M — oo, we cannot explicitly represent the infinite num-
ber of (f,, X,,). Instead, following Neal (2000), we represent and implement the MCMC
sampling for only those (., ¥,,) that are currently associated with some observations at
each iteration. In this subsection, we provide a step-by-step detailed description of the MH
algorithm to update V; in Weibull-DPM model.

First, we update a class membership m; based on m;|m_;),V;,j =1,--- ,J. Let m_;
denote a set of all class memberships from clusters except the cluster j. After identifying
the “n,,” unique classes of m_;), we compute the following probabilities for each of the

unique values m.

P(m; = mim(_,,V}) = b—l=3m / Normal(V; [m,» S JAH (11, S)8)

J—-1+71
. T
Py # i, Yk j |y, V) = by [ Nomal(Vlu D)dGo(n. D), ()

where H_,,, is the posterior distribution of (p, ¥) based on the prior Gy and {Vj : k #
J,myg = c¢}. The normalizing constant b makes “n,, + 1” probabilities above sum to 1. Let
A ={j:m; =m} and Hy4 be the posterior distribution of (i, o) based on the prior G and
{V;:j € A}. It can be shown that the H, is also Normal-inverse Wishart distribution as
() is conjugate to multivariate normal distribution:

1. we draw a sample of a class membership.

i) For each my, identify the n,, unique values of m_;.

ii) For each of the unique values m, compute the following probabilities:

Py = mimy Vi) = b [ Normal(Vylstn,. S, JAH i 1,%).

J—=1+71
(10)
. T
Pl # s, ¥ £ [m(y Vi) = b5~ [ Nomal(Vjlu. S)dGa(s.5), (1)
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where H_;,, is the posterior distribution of (u, %) based on the prior Gy and {V}, :
k # j,my = m}. The normalizing constant b makes n,, + 1 probabilities above sum
to 1.0. Let A ={j : m; = m} and H,4 be the posterior distribution of (x, o) based on
the prior Gy and {V; : j € A}. It can be shown that the H4 is also Normal-inverse

Wishart distribution as Gy is conjugate to multivariate normal distribution:

HA(M? E|MA7 CA7 \IjAv pA)’

where

1 v -1

o + [A[Va 1

Co

=2 =—=4+]A , = po + |A],
B o 1A] ~ ~ .
Va=To+ Y (V;=Va)(V;-Va) + ij (Va—po) (Va— o) ,(12)
jeA ¢o

with V = ﬁ > kea Vi- Now we define

Q(‘G? Ho, CO: ‘II()v PO)
= /st(V}W’ Z)dFNIW(Maz:’/’LOaCOa\DOapO)

|Wo| %

Pot1
2

-1 T
o+ ViV, Spopd = (14 4) (Smo+V5) (S + V)

X ! X Fa’3<pDTH)
(mv/2(1+G))?  Tas()

It follows that the integrals in (10) and (11) are equal to Q(Vj, pa,Ca, Va4, pa) and

(13)

Q(V;, 1o, Co, Yo, po), respectively.

ne

iii) Sample mg- ") based on the probabilities given in (10) and (11).

2. For all m € {m4,...,m;}, update (fim, X,,) using the posterior distribution that is
based on {V} : j € {k:my =m}}.
3. For j =1,...,J, update V; using its full conditional using Metropolis-Hastings algo-

rithm.

4. We treat 7 as random and assign gamma prior Gammal(a.,b,) for 7. Following Escobar

and West (1995), we update 7 by

i) sampling an ¢ € (0,1) from Beta(r + 1, J),

10



ii) sampling the new 7 from the mixture of two gamma distributions:
p.Gamma(a, + Ny, b, —log(c)) + (1 — p.)Gamma(a, + n,, — 1, b, — log(c)),
where the weight p, is defined such that p./(1 —p.) = (ar + nm, — 1) /{J (b, —log(c))}.

5. Finally we calculate the total variance-covariance matrix:
1< T
EV:jZ{(“mJ‘ _ﬂ)(“mj _ﬁ) +Emj}’ (14)
j=1

where o1 = Z}]=1 Mo, /.
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B.2 PEM models

Let ®p = {1, Ao, A3, B1, B2, 33,7, ‘7} a set of parameters in the likelihood function of
PEM models. The observed data likelihood Lp(D|®p) is given by

n; Ki+1 d5i1(1—85:2)
H [’Yjﬂ]jﬂ exp { Z Al (5101 < yjin < Sl,k)}]
i=1

k=1

J
J=1

Ki+1 Ks+1 ji165i2
2
X VjiMji1Njis €XP { Z Akl (81,0-1 < Yjir < S1k) + Z sl (8351 < Yjiz < Sdk)}]
k=1 k=1

Ko+1 dji2(1—05i1)
X Y4iNji2 €XP { Z Aokl (82, 1-1 < Yji < 52,k)}]

k=1
X exp {_TP(yjila yji2)} ) (15)

where 7;;, = exp (w;gﬁg + V}g) and
rp(tjin, tiz)

Ki+1 ) 1 Ko+1 ) 2 K341 ). *3
Vji <77jz'1 Doemn VAL M Dl e RRAL s Yty e AL ), for Markov model

Ki+1 ) 1 Ko+1 X\ 2 K3+1 X\ *3 i
Vji <77jz'1 Doem1 EVEAGL F M ) 2 e AL s Y il e S’kAjik:> , for semi-Markov model

g _ .
Ajik = max {07 mln(yjila Sg,k) - Sg,k—l}a

max {0, min(yjie, Sg0) — max(yjii, 3971_1)}, for Markov model,

AV =

il
max {0, min(yjie — Yji1, Sg.1) — 3971_1)}, for semi-Markov model.

B.2.1 Reversible jump MCMC algorithm

For PEM models, we use a random scan Gibbs sampling scheme, randomly selecting and
updating a (vector of) model parameter at each iteration. Let BI, and DI, denote a birth
and a death of a new time split for transition g € {1,2,3}. The probabilities for the update
BI, and DI, are given by

rhe = ) min {1 Poisson(K, + 1|aKg)} = p, min {1 Ky }
Bl g " Poisson(Ky|ak,) g T K, 1)
Poisson(K, — 1|ak,) K,
K _ . {1 g K, }: . {1 Ng
oI, e Poisson(Ky|ax,) e ok, )’
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where p, is set such that wf;f; + 7TDI < C, and 22:1 Cy, < 1for K, = 1,..., Kgmax-

K4 max 1s the preassigned upper limit on the number of time splits for transition g and we

Kg max

set mg = 0. The probabilities of updating other parameters are equally specified from

3

remaining probability 1 — 3" 1(7TB Lt )

B.2.2 Updating g,
The full conditional posterior distribution of 3; can be obtained by

(/81|(I) 7“)00-)\79 EV)

X LP(D|CDP)
J ny Ki+1
x] +V; )\
x H H exp ]zlmﬂlﬁl Vji€ 5i1B1+Vin E 1, kAj’Lk
j=11i=1 k=1

2 2 )

where foy = (fix,, fixg, fas) | and o3 = (03, 0%,,03,) . Analogously, the full conditionals of

B2 and B3 are given by
7]—(18 |q)]_3(ﬁ2)7 1 15%) 0'?\, 6)7 ZV)

" Ka+1
x5B2+V; )\
X H H eXp 322 ]zl) jz2/32 Vji€ g2tz E > ZAJZZ

]21 =1 =1
7T( | 7”)\70-)00 ZV)
J ny K3+1
+V, A3.m A *3
o HH ]21531233J13/83 vji€ @ )3B3+Vj3 E s, Aﬂm )
]:1 =1 m=1

As the full conditionals do not have standard forms, we use MH algorithm to update
each element of B,. A detailed description of the adapted random walk MH algorithm is
provided in Section B.1.1.

B.2.3 Updating A,
The full conditional posterior distribution of A; is given by
7M™, py, 02,6,y
o< Lp(D|®p)m(Ailpa,, 0%,)

J ny
o8 H Hexp {5ji1)\1kf(51,k;—1 <yji1 < S1,k) - %‘iAﬂke njzl}
j=1i=1
1 _
X exp {—2 5 (A1 — u,\ll)TE)\ll()\l — ,u>\11} ,
O-Al
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where 1 denotes a K, + 1 dimensional vector of 1’s. Analogously, the full conditionals of

A and A3 are given by

7-‘-()\2|(I)]73(>‘2)7 [20% 0-3\7 97 EV)

J ny
x H H exp {53'@'2(1 — 0ji1) Ao d (S2,6-1 < Yjiz < Sok) — ’inA?ike’\%ﬁjiz}
J=1i=1
1 _
cexp {5 O = i )5 - ).
U)\Q
71-(AZ’)|(D]_D(>\3)7 1 15%) U)Q\a 9, EV)
J ny
x H H exp {5ji15ji2)\3k](83,k—1 < Yjia < S3k) — 'ij‘A;?ke/\sknji?;}
J=1i=1
1 _
X €Xp {_2 2 (>‘3 - /4L>\31>T2)\31()‘3 - /@\31)} )
0‘)\3

Since the full conditionals do not follow known distributions, MH algorithm is used to
update each element of A,. We follow the adapted random walk MH algorithm described
in Section B.1.1.

B.2.4 Updating ~;;
The full conditional posterior distribution of v;; is given by

W(V]zl@;(’yjla 1 15%) U)Q\a ‘9, EV)
x  Lp(D|®p) x m(v;|0)
65i1+954 0—1— _
Vji 0t exp [—7p(ysi1, yjiz) — 0" v5] -
Therefore, we sample v;; from

Gamma (53'1'1 + djia + o1, rp(Yjirs Yjios Vi = 1) + 971) .

B.2.5 Updating (s, 02)

Full conditional posterior distributions for p,, and v, = 1 /0/2\9, g = 1,2,3 are Normal
and Gamma distribution, respectively. Therefore, we use Gibbs sampling to update the
parameters. We obtain the posterior samples of p, from

Ty —1 2
Normal ! Z/\g Ay T,
173717 17 )
g g
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because the full conditional is given by

7 (jin, | @, g1y 7 2,6, EV)O“T()\ a2 )7 (112,

173301 1T2;q1>\g
e _—
X exp 20_/2\9 Mxg — ]_TE)_\gl]_

We update v, =1/ a;f from a Gamma distribution given by

K, +1 1

5 bovg + _(NAgl - )‘g)nggl(/Mgl - Ag)) )

Gamma (a@g + 5

as the full conditional of v, is

(02
T(vg|®p, pr, (03)" )0, 5y)

X 7r(>‘g|,u>\gv Ji )W(Ug)

Kg+1

1
o (vy)test Tz “Lexp {— {bayg + 5(,u>\g1 - )TE (m\gl )\g)} vg} )

B.2.6 Updating 0

Updating the precision parameter £ = 1/6 in PEM models requires the exactly same step
as that in Weibull models. Therefore, the readers are referred to Section B.1.5 for the full
conditional posterior distribution of ¢ and the MH algorithm.

B.2.7 Updating V; for PEM-MVN model
The full conditional posterior distribution of Vj; can be obtained by

7(Vi| @5 pa, 02,60,5y) o< Lp(D|®p) x 7(V;[Sy).
n; Ki+1 1
X exp {Z (‘/jldjil — VjiNji1 Z e kAjlzk) - §Vszx_/1V}} :
=1 k=1

Analogously, the full conditionals of Vj, and Vj3 can be written as

nj Ko+1
1
T(Via| @57, pir, 0%,0,5y) o exp {Z <Vj25ji2(1 — ji1) — Viiljiz Z )\2ZA§'LI> - QV}TZVIVS} ;

i=1 =1

nj K3+1
* 1 —
T(Vis @57y, 03.0,5y) o exp {Z (‘6359'1'15]@'2 — Yimjis Y GA“”"A]?m> - EV}TZvlvj}-

i=1 m=1

For updating each element of Vj, we use the adapted random walk MH algorithm provided
in Section B.1.6.
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B.2.8 Updating >y for PEM-MVN model

The full conditional posterior distribution of ¥y, in PEM-MVN model is the exactly same as
that in Weibull-MVN model. Readers are referred to Section B.1.7 for the Gibbs sampling
step for updating Xy .

B.2.9 Updating V; and Xy for PEM-DPM model

Updating V; and Xy in PEM-DPM requires the exactly same step as that in Weibull-DPM.
Therefore, the readers are referred to Section B.1.8 for detailed algorithm to update V; and
Yy. Note that in step 3 of the algorithm, the full conditional of V} needs to be obtained
based on Lp(D|®p) for PEM-DPM.

B.2.10 Update BI

We specify log ho(t) = SThe ' X, I (t € 1) for the baseline hazard function corresponding

to transition g with partition (K, s,). Updating (K|, s,) requires generating a proposal
partition and then deciding whether or not to accept the proposal. For update BI (a birth
move), we first select a proposal split time s* uniformly from among the observed event
times which are not included in the current partition. Suppose s* lies between the (k — 1)

and k" split times in the current partition. The proposal partition is then defined as

— * —
(0 = 89,0y -+ Sg,k—1:5 5 Sg.ks -+ Sg,K1+1 = Sg,max)

_ * k * * * _
(0 =87 0y 1 Sy k15 Sy k> Sg k1> =+ Sy Ky +2 = Sgumax)-

A height of the two new intervals created by the split at time s* also needs to be proposed.
In order to make the old height be a compromise of the two new heights, the former is
taken to be the weighted mean of the latter on the log scale:

(8" = Sgh-1)Apk + (Sgk — 8" )Ag k1 = (Sgk — Sgk—1)Ag k-

Defining the multiplicative perturbation exp(}; ;,,)/exp(); ;) = (1 — U)/U, where U ~
Uniform(0, 1), the new heights are given by

« Sgr — 8 1-U
= T (120

Sng - Sg7k_1
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and

. 5% — Sg k- 1-U
XNopsr = Mg+ ———25 L 1og <T)

897k - Sg:k_l
The acceptance probability in the Metropolis-Hastings-Green step can be written as the
product of the likelihood ratio, prior ratio, proposal ratio, and Jacobian. For g = 1, they

are given by

Lo (D|5})
Lp(D|®p)’

Poisson (K + 1ak,) x MVNg, 1o(Af|ur, 1, 03 23)
Poisson (K |og,) X MVNg, 1(A1]pa, 1, 03 Ey,)
y (2K, + 3)(2K1 + 2)(s* — s15-1)(S1.6 — %)

5% max (1,6 — S16-1)
mpr X (1/(Ky + 1))
mwer X (1/8{y;i1 : 0;i1 = 1}) x Uniform(U|0, 1)
pmin(l, (Ky +1)/ar )Hyjin : 00 =1} _ Hyjn : 4o =1}
pmin(1, ag, /(1 + K1) (K7 + 1) B g, ’

dA] . /dA d\} . /dU
Jacobian = L/ @A ix/ _ 1 ’ (16)
AN} 1 /dMg AN gy /dU Uu(l-"0)

likelthood ratio =

prior ratio =

Y

proposal ratio =

where ®% is ®p with A\ replaced by Aj.

B.2.11 Update DI

For update DI (a death or reverse move), we first sample one of the K, split times, s, .

The proposal for time splits is given by

(O = 84,0y -y Sg,k—15Sg,k+15 -5 Sg,Kngl = Sg,max)

_ * * * * .
(0 =550, Sy k15 Sgp> s SgK, = Sg.max)-

Following Green (1995):

(Sg,k - Sg,kfl))\g,k + (Sg,k+1 - Sg,k))\g,kJrl = (Sg,k+1 - Sg,kfl))‘;]m
eroktt 1 — U*
6)\9’]9 = U* ’

perturbation :
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Then the acceptance probability can be obtained as the product of following four compo-
nents (for g = 1):

Lo(D]2})

Tr(D[®p)

Poisson(K7 — 1ag,) x MVNg, (Af|ux, 1, 03,33,)
POiSSOIl(K1|OéK1) X MVNK1+1(A1|MA11, 0'/2\12)\1)

% S%,max(sl,/ﬁrl — 51-1)
(2K; 4+ 12K (816 — S1.6-1)(S1.641 — S1)
mpr X (1/8{yjin : 6;0 = 1})
mpr X (1/Ky)
pmin(1, ag, /K1) K B ag,
pin(L, Ky /ag)t{yji - 0n =1} t{yjn 4 =1}
g /ANy, A /AN s

Jacobian = =U"(1-U").
dU* [dX}y,  dU”[dA] iy

likelithood ratio =

prior ratio =

proposal ratio =
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C The potential use of existing methods

The methods in the main manuscript were developed specifically for on-going collaboration
examining the risk of readmission following a diagnosis of pancreatic cancer. As indicated
in the manuscript, the current standard for the analysis of cluster-correlated readmission
data is a logisitic-Normal generalized linear mixed model. This model ignores death as a
competing risk, however, and, as such, is inappropriate in for the study of pancreatic cancer
due to its strong force of mortality.

Viewing the data arising in the pancreatic cancer as cluster-correlated semi-competing
risks data, the existing literature does have a number of options that could be considered.
Here we review two of these options, specifically those proposed in Liquet et al. (2012) and
Gorfine and Hsu (2011). For the former, we note that the methods have been implemented
in the frailtypack package for R.

For convenience, expressions (4)-(6) from the main manuscript that the describe the

key features of the proposed hierarchical model are repeated here:

hai(tji; Vi, Xjin, Vin) = 7ji ho(tja) eXp{Xﬁlﬁl + Vit tja >0
ha(tjio; Viis Xjiz, Vi2) = 7ji hoa(tji2) eXP{Xﬁzﬁz + Via},  tjie>0

hs(tjialtjiv; Vi, Xjiz, Vis) = i hos(tjialtjin) eXp{X};:;B:s + Vish,  tie > tia,

C.1 Liquet et al. (2012)

The R package frailtypack provides several classes of frailty models for multivariate
survival data including shared frailty models, additive frailty models, nested frailty models,
joint frailty models (Rondeau et al., 2012). Among these, the shared frailty model and the
joint frailty model are most relevant the context we consider; additionally, these models
form the basis for the analyses presented in Liquet et al. (2012). Here we provide a summary
of these two classes using the notation developed in the manuscript, as well as an overview

of their drawbacks in regard to the analysis of cluster-correlated semi-competing risks data.
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C.1.1 The shared frailty model

In the shared frailty model, the hazard function for the subject 7 in the cluster j conditional

on the cluster-specific shared frailty term n; = (n;1, nj2, 1;3) is given by

hi(tjin; Xji,mj1) = njihor(tjn) eXp{Xﬁ1ﬂ1}7 tjn >0
ho(tjio; Xjio, mj2) = Nj2hoa(tjie) eXP{Xﬁzﬁ2}> tjiz >0
hs(tjioltjin; Xjis,mjs) = njshos(tjie — tjin) eXp{X};S/B?)}v tjo > i, (17)
Key features of this model, in relation to the proposed framework are:

o Cluster-specific effects are represented via the (1,1, n;2, 7j3), each of which is assigned
an independent univariate parametric distribution (either a log-Normal or a Gamma).
As such, the model does not permit the characterization of covariation between the
cluster-specific random effects. In contrast, the proposed methods provides analysts
with two choices for the joint distribution of the Vj’s: a parametric MVN or a non-

parametric DPM-MVN.

e There is no patient-specific term, analogous to the v;; in the proposed model. As
such a potentially important source of within-subject correlation between T and T5

is not accounted for.

e Similar to the propose methods, however, is that the baseline hazard function for
hs() can be specified non-parametrically (via a spline) or parametrically (using the

Weibull distribution).

e Although not evident from the model specification, estimation of the shared frailty
model is based on three separate fits of the three models. In contrast, because the
proposed model considers several components of covariation (i.e. covariation among
the V;’s and the patient-specific ;;’s) we perform estimation/inference using single
likelihood. Indeed for the shared frailty model to accommodate these components of
covariation, a completely new framework for estimation/inference would need to be

developed.

e Estimation of the (1,1, 12, 7j3) proceeds using empirical Bayes (after estimation of the
remaining components via an integrated likelihood). Uncertainty for these estimates

are only available when their distributions are taken to be Gamma distributions.
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C.1.2 The joint frailty model

Two variations of a joint frailty model have been implemented in the frailtypack package.
The first was developed for the analysis of a recurrent non-terminal event and a terminal

event and specifies a single hazard function for each. Specifically, the model is given by:

hi(tii|ws) = wiro(ten) exp{X B}, for recurrent non-terminal event
ho(tiolwi) = w@ho(tin) exp{XL5B;}, for the terminal event
w; ~ Gamma(1/60,1/0). (18)

where w; is a common subject-specific frailty representing unobserved covariates that impact
both events. We note that this is specification is similar to the model proposed by Liu et al.
(2004).

The second joint frailty model implemented in the frailtypack package is for model-
ing two clustered survival outcomes. Specifically, the model posits that the event-specific

hazard functions for the j** cluster are structured as follows:

h(tﬂl|77j) = h(n (tj7;1> eXp{ij;l,Bl + T]j}, fOI' any event
h(tjialn;) = hoa(tji2) exp{X };2,32 +an;}, for the terminal event
n; ~ Normal(0,0?) (19)

In relation to the context we consider, the central limitation of these models is that they
only consider a single level of the two-level hierarchy inherent to cluster-correlated semi-
competing risks data. Specifically, as applied and described in the fraitypack package,
the first model only considers patient-specific effects while the second model only considers
cluster-specific effects. As such neither model would be appropriate for our motivating
application since (i) ignoring cluster-specific effects means that one cannot address several
of our key scientific questions and (ii) ignoring patient-level effects can result in substantial
bias (see the simulation studies in Section 5 of the main manuscript).

We also note that a second limitation is that model (19) does not consider the transition
from the non-terminal event to the terminal event; that is there is no analogue for hs() in
the model. This represents a limitation in the sense that information readily available in
the data is ignored. In the motivating application in the main manuscript, for example, the

fact that the time of death following readmission within 90 days is known for 608 (11.5%)
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patients is ignored. Finally, although model (18) does permit a patient to transition from
the non-terminal state to the terminal state, this transition is assumed to occur at the
same rate at which a patient who is in the initial state transitions directly into the terminal
state; that is, in contrast to the proposed model that distinguishes hy() from hs(), model

(18) only has a single hazard for the terminal event.

C.2 Gorfine and Hsu (2011)

Gorfine and Hsu (2011) explicitly consider the related but distinct problem of analyzing
cluster correlated competing risk data for which T} and Ty are both terminal events (i.e.
death due to two causes). Towards analyzing such data, they propose the following hierar-

chical model:

h(t]’il‘X]’i, ejl(tjil)) = hOl(tjil) exp{XﬁBl + Ejl(tjil)}, for cause 1
h(tji2|in, Ejg(tjig)) = hog(tjig) eXp{X};BQ + Ejg(tjig)}, for cause 2 (20)

to describe the risk of transitioning into one of the two terminal states for the ¥ patient in
the j" cluster. As part of their development, Gorfine and Hsu (2011) provide a framework
within which the distribution of the cluster-specific €;,(t) terms can be flexibly specified.
While this flexibility is very appealing, direct application of this model to our motivating
application would be subject to a number of limitations mainly because the method was

not designed for the cluster-correlated semi-competing risks setting. Specifically,

e Similar to the joint frailty model given by (19), the application of model (20) means
that one would ignore information in the data on the transition from the non-terminal

event to the terminal event; that is, there is not analogue of hs().

o Although model (20) includes cluster-specific random effects, it does not include
specification of patient-specific terms analogous to 7;; in the proposed model. As is
clear from the simulations presented in Section 5 of the main manuscript, ignoring this
component of variation can lead to substantial bias in estimation and poor inferential

properties in the cluster-correlated semi-competing risks setting.
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D Simulation Results

In order to supplement the results from simulation studies, we provide estimated percent
bias, coverage probability, and average relative width of 95% credible/confidence inter-
vals for By, B2, B3, and 0 for our four proposed models and four types of SF models of
Liquet et al. (2012) in Table D.1-D.6. We also provide estimated transition-specific base-
line survival functions for the models under simulation scenarios 2,3, and 5 in Figure D.1.
Note that since results from SF models are almost identical between models that adopt
the independent gamma distributions for cluster-specific random effects and those that
adopt the independent log-Normal distributions, we only present the results from SF mod-
els with the gamma cluster-specific random effects in Figure D.1. We also present Table
D.7 that augments Table 6 in the main manuscript by additionally presenting results for
the Liquet et al. (2012)’s models that adopt independent log-Normal distributions for the
cluster-specific random effects.

The results presented in this section are generally consistent with the conclusions we
drew in the main paper: contrary to the existing SF models, our proposed models yielded a
small bias and coverage probability estimated to be close to the nominal 0.95 for regression
parameters and 6 (except scenario 4 for which #=0); all four of the proposed models estimate

the three baseline survival functions very well.
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Table D.1: Estimated percent bias and coverage probability for 37 and # for six analyses described in Section 5.2, across six

simulation scenarios given in Table 3. Throughout values are based on results from R=500 simulated datasets.

Percent Bias

Coverage Probability

Scenario True Weibull Weibull Weibull Weibull PEM PEM Spline Spline Weibull Weibull Weibull Weibull PEM PEM Spline Spline
value -MVN  -DPM  -SFg® -SFgn® -MVN -DPM -SFg -SFpu -MVN  -DPM -SFg -SFeny -MVN -DPM -SFg  -SFon
b1 0.50 0.1 0.2 -19.8 -21.3 0.4 0.4 -21.0  -20.8 0.96 0.96 0.01 0.01 0.95 0.96 0.00 0.00
1 Pz 0.80 0.2 0.3 -19.7 -21.3 0.5 0.4 -21.0  -20.8 0.95 0.95 0.00 0.00 0.96 0.97 0.00 0.00
Bz -0.50 0.3 0.3 -19.8 -18.8 0.3 0.3 -21.2 -20.9 0.97 0.96 0.31 0.31 0.96 0.96 0.25 0.26
0 0.50 1.0 1.3 1.4 1.2 0.95 0.95 0.93 0.94
Bi1 0.50 -0.1 -0.0 -31.8 -33.4 0.1 0.1 -32.8  -32.8 0.94 0.94 0.00 0.00 0.94 0.93 0.00 0.00
2 Pz 0.80 0.1 0.2 -31.7 -33.3 0.4 0.3 =327 -32.7 0.97 0.97 0.00 0.00 0.94 0.95 0.00 0.00
Bz -0.50 1.2 1.3 -31.1 -29.2 1.1 1.1 -32.2 -32.2 0.94 0.95 0.05 0.05 0.94 0.94 0.04 0.04
0 1.00 0.4 0.7 0.7 0.6 0.94 0.95 0.94 0.95
Bi1 050 0.3 0.3 -19.9 -20.7 0.7 0.7 -21.0  -20.9 0.94 0.94 0.00 0.00 0.93 0.94 0.00 0.00
3 Bz 0.80 0.4 04 -19.8 -20.7 0.8 0.8 -209  -20.8 0.94 0.94 0.00 0.00 0.94 0.94 0.00 0.00
Bz -0.50 0.4 0.3 -20.1 -19.7 0.5 0.6 -21.2 -21.2 0.96 0.96 0.31 0.29 0.95 0.96 0.27 0.27
0 0.50 2.0 2.1 3.2 3.2 0.96 0.96 0.93 0.95
Bu 0.50 3.7 3.7 0.2 -2.9 4.7 4.6 0.3 0.6 0.87 0.86 0.96 0.91 0.81 0.83 0.96 0.95
4 Bz 0.80 3.6 3.6 -0.0 -3.1 4.5 4.5 0.1 0.4 0.80 0.79 0.95 0.89 0.69 0.70 0.95 0.95
Bz -0.50 4.0 4.0 0.2 7.3 4.8 4.7 0.2 0.6 0.93 0.94 0.94 0.88 0.93 0.93 0.93 0.94
0 0.00
B 0.50 -0.3 0.1 -20.3 -24.6 0.0 0.3 -21.1 -20.9 0.94 0.95 0.00 0.00 0.96 0.96 0.00 0.00
5 Bz 0.80 0.0 0.3 -20.0 -24.6 0.3 0.6 -209  -20.7 0.95 0.95 0.00 0.00 0.96 0.96 0.00 0.00
Bz -0.50 -0.2 0.2 -20.4 -13.7 -0.2 0.2 -21.3 211 0.94 0.94 0.29 0.26 0.94 0.94 0.25 0.26
0 0.50 -0.2 1.0 0.4 1.3 0.95 0.95 0.95 0.96
P 0.50 9.3 94 -22.1 -23.6 0.4 0.3 -26.9  -25.1 0.58 0.57 0.00 0.00 0.94 0.94 0.00 0.00
6 Pz 0.80 9.7 9.8 -22.0 -23.5 0.5 0.5 -25.8  -25.0 0.20 0.20 0.00 0.00 0.94 0.95 0.00 0.00
Bz -0.50 10.2 10.2 -21.6 -18.2 0.8 0.7 -26.1  -24.9 0.81 0.80 0.21 0.21 0.93 0.94 0.10 0.10
0 0.50 52.8 53.0 1.8 1.7 0.00 0.00 0.95 0.96

@ The SF models that adopt the independent gamma distributions for cluster-specific random effects

b The SF models that adopt the independent log-Normal distributions for cluster-specific random effects



qc

Table D.2: Estimated percent bias and coverage probability for 3, for six analyses described in Section 5.2, across six simulation

scenarios given in Table 3. Throughout values are based on results from R=500 simulated datasets.

Percent Bias

Coverage Probability

Scenario True Weibull Weibull Weibull Weibull PEM PEM Spline Spline Weibull Weibull Weibull Weibull PEM PEM Spline Spline
value -MVN  -DPM  -SFg® -SFpn® -MVN -DPM  -SFg -SFpu -MVN  -DPM -SFg -SFeny -MVN -DPM -SFg  -SFon
b1 0.50 -0.1 -0.0 -27.9 -25.9 -0.2 -0.3  -26.1 -26.1 0.93 0.93 0.00 0.00 0.94 0.94 0.00 0.00
1 B2z 0.80 0.3 0.4 -27.9 -25.6 0.2 0.1 -26.8  -25.7 0.96 0.96 0.00 0.00 0.96 0.96 0.00 0.00
B2z -0.50 1.3 1.4 -26.5 -21.1 0.9 0.9 -25.2  -25.1 0.94 0.93 0.34 0.35 0.95 0.95 0.34 0.34
b1 0.50 -0.1 0.1 -39.2 -39.2 -0.2 0.2 -39.9 -39.8 0.96 0.96 0.00 0.00 0.96 0.96 0.00 0.00
2 Baz  0.80 0.2 0.3 -39.1 -39.0 0.0 0.0 -39.6  -39.6 0.96 0.97 0.00 0.00 0.96 0.97 0.00 0.00
B2z -0.50 1.3 1.4 -38.5 -38.3 0.8 0.8 -39.2  -39.2 0.93 0.94 0.07 0.07 0.93 0.93 0.06 0.06
P21 0.50 0.3 0.3 -27.4 -24.9 0.3 0.3 -25.7  -25.6 0.95 0.95 0.01 0.01 0.95 0.96 0.00 0.00
3 Bae  0.80 0.5 0.5 -27.5 -24.8 0.5 0.5 -25.5  -254 0.95 0.95 0.00 0.00 0.94 0.95 0.00 0.00
B2z -0.50 2.5 2.5 -24.9 -23.2 2.3 2.5 -24.2 241 0.95 0.95 0.37 0.38 0.94 0.94 0.35 0.36
P21 0.50 4.5 4.5 -4.9 -4.4 4.7 4.7 -0.6 -0.6 0.89 0.89 0.91 0.90 0.87 0.88 0.96 0.96
4 B2z 0.80 4.6 4.6 -5.2 -4.6 4.8 4.8 -0.6 -0.5 0.78 0.78 0.88 0.88 0.76 0.79 0.92 0.92
Bog  -0.50 5.4 5.4 25.8 18.1 5.4 5.5 -0.1 -0.0 0.92 0.92 0.88 0.88 0.91 0.93 0.93 0.92
P21 0.50 -0.3 0.2 -26.6 -25.1 -0.4 -0.0  -26.1 -25.8 0.94 0.95 0.00 0.00 0.94 0.95 0.00 0.00
5 B2z 0.80 -0.4 0.1 -26.8 -25.3 -0.5 -0.1 -26.2  -25.9 0.96 0.96 0.00 0.00 0.96 0.96 0.00 0.00
Bog  -0.50 0.1 0.5 -27.2 -24.9 -0.4 0.1 -26.1  -25.8 0.95 0.95 0.33 0.35 0.95 0.95 0.30 0.31
Ba1 0.50 9.2 9.3 -25.1 -23.8 0.1 0.1 -25.0  -25.0 0.70 0.70 0.01 0.01 0.95 0.95 0.00 0.01
6 B2z 0.80 9.7 9.7 -25.4 -23.8 0.4 0.3 -24.8 -248 0.40 0.39 0.00 0.00 0.94 0.95 0.00 0.00
Bog  -0.50 10.4 10.4 -26.6 -13.6 0.8 0.8 -245  -245 0.85 0.85 0.47 0.47 0.94 0.95 0.36 0.35

@ The SF models that adopt the independent gamma distributions for cluster-specific random effects

b The SF models that adopt the independent log-Normal distributions for cluster-specific random effects
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Table D.3: Estimated percent bias and coverage probability for 35 for six analyses described in Section 5.2, across six simulation

scenarios given in Table 3. Throughout values are based on results from R=500 simulated datasets.

Percent Bias

Coverage Probability

Scenario True Weibull Weibull Weibull Weibull PEM PEM Spline Spline Weibull Weibull Weibull Weibull PEM PEM Spline Spline
value -MVN  -DPM  -SFg® -SFpn® -MVN -DPM  -SFg -SFpu -MVN  -DPM -SFg -SFeny -MVN -DPM -SFg  -SFon
B3 1.00 0.4 0.5 -21.8 -12.5 0.7 0.8 -13.3  -13.2 0.94 0.94 0.08 0.09 0.94 0.94 0.06 0.06
1 B3z 1.00 0.2 0.3 -20.5 -9.0 0.6 0.6 -9.7 -9.7 0.96 0.96 0.28 0.32 0.93 0.94 0.27 0.28
B33 -1.00 0.2 0.3 44.3 -12.5 0.4 0.4 -13.4  -13.3 0.94 0.94 0.47 0.53 0.94 0.94 0.49 0.50
B3 1.00 0.1 0.3 -24.1 -25.3 0.6 0.6 -24.8  -24.7 0.95 0.95 0.00 0.00 0.95 0.95 0.00 0.00
2 Bs2 1.00 0.4 0.5 -22.8 -24.1 0.8 0.8 -23.3  -233 0.94 0.94 0.00 0.00 0.95 0.95 0.00 0.00
B3 -1.00 0.2 04 -23.8 -22.6 0.4 0.4 -24.6 245 0.96 0.96 0.08 0.07 0.95 0.95 0.06 0.07
Bs1 1.00 0.6 0.6 -21.4 -14.4 1.1 1.1 -12.6  -12.5 0.96 0.96 0.10 0.14 0.95 0.95 0.09 0.09
3 B2 1.00 0.7 0.8 -19.2 -11.2 1.2 1.2 -9.0 -8.9 0.95 0.95 0.35 0.40 0.94 0.94 0.37 0.38
B3 -1.00 0.3 0.3 13.1 -10.1 0.5 0.6 -12.6 -12.5 0.95 0.95 0.52 0.57 0.93 0.94 0.54 0.54
B3 1.00 3.4 34 -0.6 11.9 4.1 3.9 11.0 11.3 0.87 0.88 0.11 0.12 0.84 0.86 0.15 0.15
4 Bz 1.00 34 3.5 5.6 19.2 4.2 4.0 18.3 18.6 0.88 0.88 0.00 0.00 0.83 0.86 0.00 0.00
Bsz  -1.00 3.0 3.0 20.6 11.6 3.3 3.5 10.3 10.7 0.95 0.95 0.51 0.57 0.94 0.94 0.62 0.61
B3 1.00 -0.0 0.5 -22.4 -16.0 0.4 0.8 -14.2 -14.0 0.97 0.96 0.05 0.07 0.96 0.97 0.04 0.05
5 Bs2  1.00 0.0 0.6 -20.2 -12.4 0.4 0.9 -104  -10.1 0.96 0.95 0.27 0.31 0.95 0.95 0.25 0.26
B3z -1.00 0.0 0.5 36.3 -11.4 0.3 0.6 -14.1 -13.9 0.94 0.94 0.44 0.49 0.95 0.94 0.46 0.47
Bs1 1.00 8.4 8.5 -28.5 -28.5 0.5 0.5 -30.4  -30.3 0.31 0.30 0.00 0.00 0.96 0.95 0.00 0.00
6 Bs2  1.00 8.9 9.0 -20.3 -20.3 0.6 0.6 -22.0 -21.8 0.28 0.27 0.00 0.00 0.95 0.95 0.00 0.00
Bss  -1.00 8.8 8.9 -27.9 -27.8 0.4 0.4 -30.2  -30.1 0.67 0.67 0.00 0.00 0.95 0.95 0.00 0.00

@ The SF models that adopt the independent gamma distributions for cluster-specific random effects

b The SF models that adopt the independent log-Normal distributions for cluster-specific random effects



Scenario 2: Sp(1)

Scenario 2: Spy(t)

Scenario 2: Sps(t)
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Figure D.1: Estimated transition-specific baseline survival functions, Sy, (-)=exp(—Ho,(-)),

for each six analyses described in Section 5 under simulation scenarios 2, 3 and 5.
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Table D.4: Average relative width of 95% credible/confidence intervals for 3; and 6, with
the Weibull-MVN model taken as the referent, across six simulation scenarios given in
Table 3. Throughout values are based on results from R=500 simulated datasets.
Scenario Weibull Weibull Weibull Weibull PEM  PEM Spline Spline
-MVN  -DPM -SFg*  -SFyp® -MVN -DPM -SFg  -SF.u
B 1.00 1.00 0.81 0.78 1.02 1.02 0.81 0.81
1 Bz 1.00 1.00 0.77 0.74 1.04 1.04 0.77 0.77
B3 1.00 1.00 0.84 0.81 1.00 1.01 0.83 0.84
0 1.00 1.00 1.10 1.12
B 1.00 1.00 0.73 0.70 1.02 1.02 0.73 0.73
2 Bz 1.00 1.00 0.69 0.66 1.03 1.04 0.69 0.69
B3 1.00 1.00 0.76 0.72 1.00 1.00 0.76 0.76
0 1.00 1.00 1.12 1.14
B 1.00 1.00 0.81 0.78 1.02  1.02 081 0.81
3 Bz 1.00 1.00 0.76 0.74 1.04 1.04 0.77 0.77
B13 1.00 1.00 0.83 0.80 1.00 1.01 0.83 0.83
0 1.00 1.00 1.10 1.13
B 1.00 1.00 0.95 0.90 1.02 1.01 0.96 0.96
4 B2 1.00 1.00 0.94 0.88 1.03 1.03 0.95 0.95
B3 1.00 1.00 0.96 0.90 1.01 1.01 0.96 0.96
0 1.00 1.00 1.09 1.09
b1 1.00 1.00 0.81 0.74 1.02 1.02 0.81 0.81
) Br2 1.00 1.00 0.77 0.70 1.03 1.03 0.77 0.77
P13 1.00 1.00 0.83 0.76 1.00 1.00 0.83 0.83
0 1.00 1.00 1.09 1.09
B11 1.00 1.00 0.74 0.71 0.94 0.95 0.73 0.74
6 B2 1.00 1.00 0.72 0.69 0.96 0.97 0.71 0.72
P13 1.00 1.00 0.76 0.72 0.93 0.93 0.75 0.75
0 1.00 1.00 0.89 0.90

% The SF models that adopt the independent gamma distributions for cluster-specific random effects

® The SF models that adopt the independent log-Normal distributions for cluster-specific random effects
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Table D.5: Average relative width of 95% credible/confidence intervals for B2, with the
Weibull-MVN model taken as the referent, across six simulation scenarios given in Table
3. Throughout values are based on results from R=500 simulated datasets.
Scenario Weibull Weibull Weibull Weibull PEM  PEM Spline Spline
-MVN  -DPM -SFg* -SF;n* -MVN  -DPM -SFg  -SFen
Ba1 1.00 1.00 0.80 0.82 1.01 1.01 0.84 0.84
1 Ba2 1.00 1.00 0.75 0.78 1.02 1.02 0.79 0.79
B3 1.00 1.00 0.83 0.85 1.00 1.00 0.87 0.87
Ba1 1.00 1.00 0.77 0.77 1.01 1.01 0.78 0.78
2 Ba2 1.00 1.00 0.72 0.72 1.02 1.02 0.73 0.73
B3 1.00 1.00 0.80 0.80 1.00 1.00 0.80 0.80
Ba1 1.00 1.00 0.80 0.83 1.01 1.01 0.83 0.83
3 Ba2 1.00 1.00 0.75 0.78 1.02 1.03 0.79 0.79
a3 1.00 1.00 0.82 0.86 1.00 1.00 0.86 0.86
Ba1 1.00 1.00 0.90 0.90 1.01 1.01 0.96 0.96
4 Ba2 1.00 1.00 0.88 0.88 1.01 1.01 0.95 0.95
B3 1.00 1.00 0.91 0.91 1.00 1.00 0.97 0.97
Bor 1.00 1.00 0.81 0.83 1.01 1.01  0.84 0.84
) Baz 1.00 1.00 0.77 0.78 1.02 1.02 0.79 0.79
B3 1.00 1.00 0.84 0.86 1.00 1.00 0.86 0.86
B21 1.00 1.00 0.78 0.79 0.96 0.96 0.82 0.82
6 Ba2 1.00 1.00 0.75 0.76 0.97 0.97 0.80 0.80
B3 1.00 1.00 0.79 0.80 0.95 0.95 0.84 0.84

% The SF models that adopt the independent gamma distributions for cluster-specific random effects

® The SF models that adopt the independent log-Normal distributions for cluster-specific random effects
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Table D.6: Average relative width of 95% credible/confidence intervals for (33, with the
Weibull-MVN model taken as the referent, across six simulation scenarios given in Table
3. Throughout values are based on results from R=500 simulated datasets.
Scenario Weibull Weibull Weibull Weibull PEM  PEM Spline Spline
-MVN  -DPM -SFg* -SF;n* -MVN  -DPM -SFg  -SFen
531 1.00 1.00 0.72 0.83 1.01 1.01 0.83 0.83
1 B3z 1.00 1.00 0.73 0.83 1.01 1.02 0.83 0.83
B33 1.00 1.00 0.75 0.86 1.00 1.00 0.86 0.86
Bs1 1.00 1.00 0.77 0.75 1.01 1.01 0.77 0.77
2 B3z 1.00 1.00 0.77 0.75 1.01 1.02 0.77 0.77
B33 1.00 1.00 0.81 0.79 1.00 1.00 0.81 0.81
P51 1.00 1.00 0.73 0.81 1.01 1.01  0.84 0.84
3 Bs2 1.00 1.00 0.74 0.81 1.01 1.02 0.84 0.84
B33 1.00 1.00 0.76 0.84 1.00 1.00 0.87 0.87
Bs1 1.00 1.00 0.85 0.97 1.01 1.01 0.98 0.98
4 Bs2 1.00 1.00 0.87 0.99 1.01 1.01 1.00 1.00
B33 1.00 1.00 0.85 0.96 1.00 1.00 0.97 0.97
Bs1 1.00 1.00 0.73 0.79 1.01 1.01 0.83 0.83
) B3z 1.00 1.00 0.73 0.80 1.01 1.01 0.83 0.84
B33 1.00 1.00 0.76 0.82 1.00 1.00 0.86 0.86
B31 1.00 1.00 0.69 0.69 0.96 0.96 0.69 0.69
6 B3z 1.00 1.00 0.72 0.72 0.97 0.97 0.72 0.72
B33 1.00 1.00 0.73 0.73 0.94 0.94 0.73 0.73

% The SF models that adopt the independent gamma distributions for cluster-specific random effects

® The SF models that adopt the independent log-Normal distributions for cluster-specific random effects
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Table D.7: Mean squared error of prediction (x1072) for cluster-specific random effects

based on six analyses described in Section 5.2, across six data scenarios given in Table 3.

Throughout values are based on results from R=500 simulated datasets.

Scenario Weibull Weibull Weibull Weibull PEM PEM Spline Spline
-MVN  -DPM -SFg® -SFp? -MVN -DPM -SFg -SF

%F %Ft %F %F
Vi 5.25 527  6.40 10355.30 5.27 527  6.39 10397.30

1 Va 7.66 770 870 17.8 11199.69 6.6 7.67 7772 868 0.2 11131.71 0.8
V3 9.91 9.95 12.13 11221.04 9.91 9.96 12.11 11214.38
Vi 6.36 6.41  8.10 10535.62 6.37 6.41  8.09 10476.70

2 Va 8.76 8.85 10.23 10.4 11328.83 7.8 8.77 8.86 10.20 0.0 11208.54 0.6
V3 11.13 11.19 13.85 11417.49 11.13  11.19 13.91 11449.00
i 5.03 5.04  6.27 10398.49 5.04 5.04  6.22 10329.00

3 Va 6.34 6.34 828 158 1135753 9.2 6.36 6.36 824 0.0 11348.16 0.6
Vs 7.55 7.49 11.66 10932.18 7.57 7.55 11.69 10895.77
Vi 3.84 3.85  4.99 9798.48 3.87 3.87  5.01 9765.63

4 Vs 6.25 6.27 7.19 12.8 11076.72 124 6.25 6.27 712 04 11102.66 54
V3 7.89 7.90  9.57 10893.62 7.90 791  9.52 10886.70
Vi 6.95 6.26 10.87 10005.24 6.96 6.27 10.86 9869.41

5 Va 11.52 10.50 14.95 12.8 11090.98 78.4 11.50 10.52 14.92 0.2 10976.78 76.4
V3 15.46 14.66 25.04 11156.06 15.46  14.72 24.94 11073.46
Vi 5.05 5.01  6.34 9670.25 4.89 485  6.26 9804.42

6 Va 7.58 7.55 860 5.4 11259.19 9.2 7.41 739 849 14 11272.07 04
V3 6.72 6.65 13.42 10095.61 6.44 6.40 13.70 10233.22

@ The SF models that adopt the independent gamma distributions for cluster-specific random effects

b The SF models that adopt the independent log-Normal distributions for cluster-specific random effects

T % of times SF models yield at least one of V] being —oo, resulting in MSEP being oo
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E Application to Medicare data from New England

E.1 Additional Results

In our main paper, posterior summaries for hazard ratio (HR) parameters for readmission,
exp(B1), from models for which a semi-Markov specification was adopted for hos(:) are
presented. In Table E.1-E.4, we provide posterior summaries for HR parameters for death
without readmission, exp(32), and those for death following readmission, exp(3s3), from
both Markov and semi-Markov models. We also provide the posterior estimates of exp(/3;)
from Markov models in Table E.5.

From Table 4 (in the main paper) and Table E.1-E.5, we see the little difference in poste-
rior estimates of HR parameters between Markov and semi-Markov models in this particular
application. Therefore, our analyses in this document mainly focus on HR parameters for
death (exp(B2) and exp(Bs)) under semi-Markov models. As seen in Table E.1 and Table
E.2, our proposed framework show how risk for death changes depending on whether or
not a patient experiences the readmission. For example, whereas there is evidence of an
increased risk of death for long hospital stay among individuals who have not been read-
mitted (HR 1.10; 95% CI 1.04, 1.18 in PEM-DPM), the same conclusion cannot be drawn
for individuals who have been readmitted (HR 0.98; 95% CI 0.87, 1.09 in PEM-DPM).
In addition, the association between death and two of covariates (age and Charlson/Deyo
score) is stronger in this magnitude (i.e. farther from zero) while the association between
death and some other covariates (sex, source of entry to initial hospitalization, length of
stay, discharged location, and whether or not patients underwent a procedure during the
hospitalization) is weakened among patient who have been readmitted. In general, our
analyses show evidence of increased risk for death for patients with male gender, older age,
initially hospitalized via some route other than ER, higher comorbidity score, a procedure

during the hospitalization, a discharge to a place other than home (without care).
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Table E.1: Posterior medians (PM) and 95% credible intervals (CI) for hazard ratio pa-
rameters for death without readmission (exp(3:)) from semi-competing risks data analyses

based on semi-Markov models.

Weibull-MVN
PM (95%CI)

Weibull- DPM
PM (95%CI)

PEM-MVN
PM (95%CI)

PEM-DPM
PM (95%CI)

Sex
Male

Female

Age*

Race
White

Non-white

Source of entry to initial
hospitalization
Emergency room

Other facility

Charlson/Deyo score
<1

>1

Procedure during hospitalization
No
Yes

Length of stay**

Care after discharge
Home
Home with care
Hospice
ICF/SNF
Other

1.00
0.69 (0.60, 0.79)

1.09 (1.04, 1.13)

1.00
0.93 (0.70, 1.22)

1.00
1.61 (1.41, 1.85)

1.00
1.40 (1.12, 1.71)

1.00

0.09 (0.07, 0.12)

1.15 (1.07, 1.24)

1.00
2.41 (2.00, 2.91)

22.99 (18.08, 30.16)

5.22 (4.29, 6.39)
4.81 (3.48, 6.70)

1.00
0.69 (0.61, 0.78)

1.09 (1.04, 1.14)

1.00
0.93 (0.70, 1.22)

1.00
1.61 (1.41, 1.86)

1.00
1.39 (1.13, 1.73)

1.00

0.09 (0.07, 0.12)

1.15 (1.06, 1.24)

1.00
2.45 (2.02, 2.94)

23.71 (18.28, 31.20)

5.33 (4.32, 6.45)
4.93 (3.58, 6.84)

1.00
0.75 (0.67, 0.83)

1.07 (1.03, 1.11)

1.00
0.94 (0.74, 1.17)

1.00
1.50 (1.33, 1.70)

1.00
1.26 (1.08, 1.50)

1.00

0.13 (0.10, 0.16)

1.10 (1.04, 1.18)

1.00
2.22 (1.85, 2.63)

13.94 (11.22, 17.43

)
4.25 (3.57, 5.06)
3.79 (2.91, 4.98)

1.00
0.75 (0.67, 0.83)

1.07 (1.03, 1.11)

1.00
0.94 (0.75, 1.18)

1.00
1.49 (1.32, 1.68)

1.00
1.27 (1.06, 1.51)

1.00

0.13 (0.10, 0.16)

1.10 (1.04, 1.18)

1.00
2.21 (1.90, 2.61)

13.85 (11.33, 17.08)

4.25 (3.66, 5.01

)
3.81 (2.94, 4.91)

* standardized so that 0 corresponds to an age of 77 years and so that one unit increment corresponds to 10 years

** standardized so that 0 corresponds to 10 days and so that one unit increment corresponds to 7 days
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Table E.2: Posterior medians (PM) and 95% credible intervals (CI) for hazard ratio param-
eters for death following readmission (exp(83)) from semi-competing risks data analyses

based on semi-Markov models.

Weibull-MVN
PM (95%CTI)

Weibull- DPM
PM (95%CI)

PEM-MVN
PM (95%CI)

PEM-DPM
PM (95%CI)

Sex
Male

Female

Age*

Race
White

Non-white

Source of entry to initial
hospitalization
Emergency room

Other facility

Charlson/Deyo score
<1

>1

Procedure during hospitalization
No
Yes

Length of stay**

Care after discharge
Home
Home with care
Hospice
ICF/SNF
Other

1.00
0.81 (0.66, 1.00)

1.10 (1.02, 1.19)

1.00
1.15 (0.77, 1.67)

1.00
1.54 (1.25, 1.90)

1.00
1.51 (1.11, 2.06)

1.00

0.21 (0.15, 0.29)

1.01 (0.89, 1.13)

1.00
1.44 (1.13, 1.81)

10.23 (4.66, 22.01

)
2.54 (1.87, 3.45)
2.78 (1.64, 4.49)

1.00
0.81 (0.66, 0.98)

1.10 (1.02, 1.19)

1.00
1.14 (0.79, 1.65)

1.00
1.55 (1.25, 1.91)

1.00
1.52 (1.11, 2.07)

1.00

0.21 (0.15, 0.29)

1.01 (0.89, 1.13)

1.00
1.44 (1.13, 1.82)

10.43 (4.83, 22.33)

2.57 (1.87, 3.46)
2.72 (1.61, 4.44)

1.00
0.84 (0.70, 1.00)

1.09 (1.02, 1.17)

1.00
1.12 (0.79, 1.54)

1.00
1.42 (1.17, 1.72)

1.00
1.41 (1.06, 1.85)

1.00
0.28 (0.20, 0.39)

0.98 (0.88, 1.09)

1.00

1.35 (1.08, 1.68)
6.46 (3.33, 12.58)
2.08 (1.52, 2.77)
2.24 (1.40, 3.48)

1.00
0.84 (0.71, 1.01)

1.09 (1.02, 1.17)

1.00
1.11 (0.78, 1.54)

1.00
1.42 (1.16, 1.72)

1.00
1.40 (1.05, 1.84)

1.00
0.28 (0.21, 0.39)

0.98 (0.87, 1.09)

1.00
1.34 (1.08, 1.65)
6.35 (3.30, 12.29)
2.07 (1.56, 2.76)
2.25 (1.41, 3.43)

* standardized so that 0 corresponds to an age of 77 years and so that one unit increment corresponds to 10 years

** standardized so that 0 corresponds to 10 days and so that one unit increment corresponds to 7 days
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Table E.3: Posterior medians (PM) and 95% credible intervals (CI) for hazard ratio pa-
rameters for death without readmission (exp(3:)) from semi-competing risks data analyses

based on Markov models.

Weibull-MVN
PM (95%CI)

Weibull- DPM
PM (95%CI)

PEM-MVN
PM (95%CI)

PEM-DPM
PM (95%CI)

Sex
Male

Female

Age*

Race
White

Non-white

Source of entry to initial
hospitalization
Emergency room

Other facility

Charlson/Deyo score
<1

>1

Procedure during hospitalization
No
Yes

Length of stay**

Care after discharge
Home
Home with care
Hospice
ICF/SNF
Other

1.00
0.69 (0.60, 0.79)

1.08 (1.04, 1.13)

1.00
0.92 (0.69, 1.21)

1.00
1.61 (1.42, 1.84)

1.00
1.40 (1.12, 1.73)

1.00

0.09 (0.07, 0.12)

1.15 (1.07, 1.23)

1.00
2.44 (2.04, 2.91)

23.52 (17.98, 30.13)

5.30 (4.36, 6.43)
4.88 (3.59, 6.72)

1.00
0.69 (0.60, 0.79)

1.08 (1.04, 1.13)

1.00
0.92 (0.70, 1.22)

1.00
1.62 (1.42, 1.86)

1.00
1.39 (1.12, 1.72)

1.00

0.09 (0.07, 0.12)

1.15 (1.07, 1.23)

1.00
2.42 (2.02, 2.93)

23.55 (18.05, 30.53)

5.29 (4.38, 6.47)
4.87 (3.54, 6.73)

1.00
0.75 (0.67, 0.84)

1.07 (1.03, 1.11)

1.00
0.94 (0.75, 1.18)

1.00
1.49 (1.32, 1.67)

1.00
1.26 (1.06, 1.49)

1.00

0.13 (0.10, 0.16)

1.10 (1.04, 1.17)

1.00
2.20 (1.86, 2.62)

13.72 (11.22, 17.49

)
4.23 (3.61, 5.16)
3.78 (2.93, 4.99)

1.00
0.75 (0.67, 0.83)

1.07 (1.03, 1.11)

1.00
0.94 (0.75, 1.16)

1.00
1.49 (1.33, 1.69)

1.00
1.27 (1.06, 1.51)

1.00

0.13 (0.11, 0.17)

1.10 (1.04, 1.17)

1.00
2.20 (1.90, 2.61)

13.78 (11.10, 17.1

)
4.25 (3.62, 5.02)
3.82 (2.92, 4.97)

* standardized so that 0 corresponds to an age of 77 years and so that one unit increment corresponds to 10 years

** standardized so that 0 corresponds to 10 days and so that one unit increment corresponds to 7 days
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Table E.4: Posterior medians (PM) and 95% credible intervals (CI) for hazard ratio param-
eters for death following readmission (exp(83)) from semi-competing risks data analyses

based on Markov models.

Weibull-MVN
PM (95%CTI)

Weibull-DPM
PM (95%CI)

PEM-MVN
PM (95%CT)

PEM-DPM
PM (95%CI)

Sex
Male

Female

Age*

Race
White

Non-white

Source of entry to initial
hospitalization
Emergency room

Other facility

Charlson/Deyo score
<1

>1

Procedure during hospitalization
No
Yes

Length of stay**

Care after discharge
Home
Home with care
Hospice
ICF/SNF
Other

1.00
0.81 (0.66, 0.98)

111 (1.02, 1.19)

1.00
1.14 (0.78, 1.64)

1.00
1.58 (1.28, 1.97)

1.00
1.53 (1.12, 2.11)

1.00

0.20 (0.14, 0.28)

1.00 (0.89, 1.13)

1.00
1.44 (1.15, 1.82)

11.81 (5.18, 25.66

)
2.70 (1.96, 3.68)
2.92 (1.74, 4.77)

1.00
0.81 (0.67, 0.99)

1.10 (1.03, 1.20)

1.00
1.15 (0.79, 1.67)

1.00
1.58 (1.28, 1.97)

1.00
1.53 (1.12, 2.11)

1.00
0.20 (0.14, 0.28)

1.01 (0.89, 1.13)

1.00

1.44 (1.13, 1.81)

11.6 (5.08, 24.49)
2.69 (1.99, 3.61)

2.89 (1.74, 4.68)

1.00
0.84 (0.71, 1.01)

1.10 (1.03, 1.18)

1.00
1.13 (0.81, 1.55)

1.00
1.44 (1.18, 1.75)

1.00
1.40 (1.02, 1.84)

1.00
0.27 (0.19, 0.37)

0.98 (0.88, 1.09)

1.00

1.32 (1.06, 1.63)
6.95 (3.49, 12.75)
2.12 (1.59, 2.81)
2.32 (1.46, 3.65)

1.00
0.85 (0.71, 1.02)

1.09 (1.02, 1.18)

1.00
1.14 (0.79, 1.58)

1.00
1.46 (1.21, 1.77)

1.00
1.40 (1.06, 1.86)

1.00
0.27 (0.19, 0.36)

0.98 (0.88, 1.08)

1.00
1.33 (1.07, 1.66)
6.79 (3.24, 13.28)
2.17 (1.63, 2.87)
2.36 (1.47, 3.67)

* standardized so that 0 corresponds to an age of 77 years and so that one unit increment corresponds to 10 years

** standardized so that 0 corresponds to 10 days and so that one unit increment corresponds to 7 days
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Table E.5: Posterior medians (PM) and 95% credible intervals (CI) for hazard ratio param-

eters for readmission (exp(8;)) from semi-competing risks data analyses based on Markov

Source of entry to initial
hospitalization
Emergency room

Other facility

Charlson/Deyo score
<1

>1

Procedure during hospitalization
No
Yes

Length of stay**

Care after discharge
Home
Home with care
Hospice
ICF/SNF
Other

1.00
1.18 (1.03, 1.35)

1.00
1.49 (1.19, 1.84)

1.00
0.45 (0.37, 0.53)

1.15 (1.07, 1.23)

1.00
0.95 (0.82, 1.11)
0.39 (0.23, 0.62)
0.88 (0.73, 1.06)
1.05 (0.7, 1.43)

1.00
1.19 (1.03, 1.36)

1.00
1.50 (1.19, 1.85)

1.00
0.45 (0.37, 0.53)

1.15 (1.07, 1.23)

1.00
0.95 (0.82, 1.11)
0.38 (0.2, 0.64)
0.88 (0.73, 1.07)
1.04 (0.77, 1.45)

1.00
1.12 (0.99, 1.26)

1.00
1.40 (1.15, 1.68)

1.00
0.57 (0.49, 0.66)

1.12 (1.05, 1.19)

1.00
0.89 (0.78, 1.02)
0.27 (0.16, 0.42)
0.76 (0.63, 0.90)
0.89 (0.68, 1.18)

models.
Weibull-MVN Weibull-DPM PEM-MVN PEM-DPM
PM (95%CTI) PM (95%CTI) PM (95%CI) PM (95%CTI)
Sex
Male 1.00 1.00 1.00 1.00
Female 0.79 (0.70, 0.91) 0.80 (0.70, 0.91) 0.85 (0.76, 0.95) 0.85 (0.76, 0.95)
Age* 0.90 (0.86, 0.95) 0.90 (0.86, 0.95) 0.91 (0.87, 0.94) 0.91 (0.87, 0.95)
Race
White 1.00 1.00 1.00 1.00
Non-white 1.11 (0.86, 1.45) 1.11 (0.86, 1.44) 1.12 (0.89, 1.40) 1.11 (0.89, 1.38)

1.00
1.12 (0.99, 1.27)

1.00
1.39 (1.15, 1.68)

1.00
0.57 (0.48, 0.66)

1.12 (1.05, 1.19)

1.00
0.89 (0.78, 1.01)
0.27 (0.16, 0.43)
0.76 (0.64, 0.90)
0.89 (0.67, 1.18)

* standardized so that 0 corresponds to an age of 77 years and so that one unit increment corresponds to 10 years

** standardized so that 0 corresponds to 10 days and so that one unit increment corresponds to 7 days
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E.2 Convergence diagnostics

For our proposed models, we assess the convergence of our MCMC scheme by evaluating
the potential scale reduction factor (PSRF) of Gelman et al. (2013). The potential problem
with PSRF is that it has not converged but happens to be close to 1 by chance even though
the PSRF is actually fluctuating. Therefore, for each parameter, the PSRF was calculated
at several points in time with the first half discarded as burn-in. Then, we summarize
the results using mean, maximum, and minimum value of PSRF for all model parameters
at different iterations. The results are shown in Figure E.1. As the number of MCMC
iterations increases, the mean PSRF converges toward 1 and the maximum of PSRF is less

than 1.05 indicating that all model parameters have converged well.
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Figure E.1: The mean, maximum, and minimum value of the potential scale reduction

factor (PSRF) of all model parameters from the analysis of Medicare data.



E.3 Checking the Proportional Hazards Assumption

The proposed hierarchical models assume constant hazard ratios over time conditional on
the cluster-specific and patient-specific random effects. We can check the proportional haz-
ards assumption for our proposed models by adopting the heteroscedastic hazards regres-
sion model (Hsieh, 2001; Nikulin et al., 2006). This approach permits the shape parameters
for each of the three Weibull baseline hazard functions to depend upon covariate values.
Therefore, we consider the following semi-Markov heteroscedastic Weibull-MVN model:

T *

ZT Bt joneZii1Pl g T 30
ha(tjins Vi, Xjin, Zja, Vi) = i aakae 31151t(;i116 ! exp{ X8 + Vji}, tja >0,

T *
Z7T, B85 jane?iizP2 1 T 30
ho(tjio; Vii, Xjiz, Zjio, Via) = Vji Qakine ”2[32?5%226 exp{ XjinBy + Vja}, tjiz >0,

T *
hs(tioltii vies Xjisy Ziiss Vis) = i Zﬁsﬂé‘(tu . )Oéaezm%—l {XL.8Y + Vig} tio >t
3\lji2 jzla’ij 713y #3513, V33 - %z Q3k3€ 712 il exXp 71373 73S bgi2 7ily

where Zj;, is a vector of covariates for the i*" patient in the j™ hospital. Note that
when 3;=0, this model reduces to our proposed Weibull-MVN model. Therefore, the
proportional hazards assumption can be tested under the nested Weibull-MVN model (Hy:
Br,=0 for the k™ covariate) within the model (21) (Hy: S, #0) while setting X ;;g=2ji,.
We conducted two sets of analyses: one by including all of the covariates at the same
time (multivariable analysis) and the other by including one covariate at a time (one-
covariate analysis). We present the estimates of 3; and 5_2 from the multivariate analysis
in Table E.6 and the estimated hazard ratios over time in Figure E.2-E.4. It appears that
the proportional hazards assumption for death with and without readmission holds for
all of the covariates except whether or not the patient underwent a procedure during the
hospitalization. Interestingly, a number of covariates did exhibit non-proportionality in
their impact on the risk of readmission including source of entry and whether or not the
patient underwent a procedure during their hospitalization. We also provide the estimates

of B, and 62 from one-covariate analysis in Table E.7.
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Table E.6: Posterior medians (PM) and 95% credible intervals (CI) for 8; and 8 from the multivariable
analysis using the heteroscedastic Weibull-MVN model.

B B3 55 &BY B8 B3

PM (95%CI)  PM (95%CI)  PM (95%CI)  PM (95%CI) PM (95%CI) PM (95%CI)
Sex: Female 0.99 (0.91, 1.06) 1.00 (0.94, 1.07) 0.90 (0.78, 1.03) 0.82 (0.61, 1.13) ~ 0.66 ( 0.48, 0.89) 1.12 (0.70, 1.86)
Age 0.98 (0.96, 1.01) 1.00 (0.98, 1.02) 0.99 (0.95, 1.05) 0.96 (0.86, 1.07)  1.08 ( 0.97, 1.20) 1.12 (0.93, 1.33)
Race: Non-white 1.07 (0.92, 1.24)  0.98 (0.85, 1.13) 0.96 (0.73, 1.24) 0.85 (0.43, 1.61) 1.03 ( 0.50, 1.92) 1.31 (0.52, 2.92)
Entry: Others 1.15 (1.06, 1.25) 1.04 (0.97, 1.11) 1.10 (0.96, 1.26) 0.73 (0.51, 1.03)  1.43 ( 1.03, 2.00)  1.18 (0.74, 1.89)
Deyo: > 1 1.14 (1.00, 1.28) 0.98 (0.88, 1.08) 1.11 (0.90, 1.36) 0.93 (0.53, 1.59)  1.63 ( 1.02, 2.63)  1.14 (0.51, 2.30)
Procedure: Yes 0.67 (0.60, 0.75) 0.69 (0.58, 0.81) 0.93 (0.72, 1.20) 1.78 (1.16,2.60)  0.42 (0.21, 0.83)  0.25 (0.10, 0.57)
Length of stay 1.03 (0.99, 1.07) 0.99 (0.96, 1.03) 1.01 (0.94, 1.09) 1.03 (0.87,1.20)  1.19 ( 1.01, 1.38)  0.97 (0.74, 1.25)
Discharge: Home with care  0.95 (0.86, 1.04) 1.10 (0.97, 1.21) 1.00 (0.84, 1.19) 121 (0.84, 1.76)  1.57 ( 0.95, 2.94)  1.48 (0.81, 2.67)
Discharge: Hospice 1.35 (1.02, 1.74)  1.05 (0.93, 1.20) 1.07 (0.69, 1.56) 0.17 (0.04, 0.54) 23.25 (13.64, 41.08) 10.95 (2.96, 35.14)
Discharge: ICF/SNF 1.12 (0.99, 1.24) 1.03 (0.91, 1.14) 1.01 (0.81, 1.27) 0.62 (0.39, 1.01) ~ 4.90 ( 3.03, 9.25)  2.70 (1.29, 5.63)
Discharge: Other 1.14 (0.95, 1.35)  0.96 (0.80, 1.15) 1.19 (0.83, 1.67) 0.68 (0.31, 1.42)  6.00 ( 2.71,13.24)  1.69 (0.41, 5.67)

Table E.7: Posterior medians (PM) and 95% credible intervals (CI) for 3} and BY) from one-covariate
analyses using the heteroscedastic Weibull-MVN model.
B B B BY B B

PM (95%CI)  PM (95%CI)  PM (95%CI)  PM (95%CI) PM (95%CI) PM (95%CI)
Sex: Female 0.98 (0.91, 1.06) 1.09 (1.02, 1.18) 0.91 (0.79, 1.05) 0.83 (0.60, 1.14) 0.63 (0.47, 0.84) 1.22 (0.76, 1.93)
Age 1.04 (1.01, 1.06) 1.06 (1.03, 1.08) 0.99 (0.94, 1.05) 0.81 (0.73, 0.90) 1.07 (0.97, 1.18) 1.23 (1.02, 1.47)
Race: Non-white 1.10 (0.94, 1.29) 1.00 (0.85, 1.15) 1.03 (0.79, 1.32) 0.88 (0.44, 1.68) 1.25 (0.68, 2.27) 1.34 (0.54, 2.99)
Entry: Others 1.37 (1.26, 1.48)  1.17 (1.09, 1.26) 1.09 (0.95, 1.26) 0.47 (0.33, 0.66) 1.72 (1.27, 2.31) 1.89 (1.17, 3.05)
Deyo: > 1 1.24 (1.08, 1.40) 1.02 (0.91, 1.14) 1.12 (0.89, 1.38) 0.76 (0.42, 1.34) 1.83 (1.17, 2.81) 1.31 (0.59, 2.72)
Procedure: Yes 0.62 (0.56, 0.68) 0.72 (0.61, 0.86) 0.97 (0.76, 1.21) 2.57 (1.80, 3.65) 0.32 (0.16, 0.57) 0.25 (0.11, 0.52)
Length of stay 0.97 (0.92, 1.01)  0.95 (0.92, 0.99) 1.00 (0.93, 1.07) 1.13 (0.95, 1.33) 1.17 (1.03, 1.33) 0.90 (0.70, 1.13)
Discharge: Home with care 0.79 (0.72, 0.86) 1.18 (1.09, 1.28) 0.97 (0.83, 1.12) 2.15 (1.54, 3.01) 0.30 (0.20, 0.44) 0.93 (0.56, 1.52)
Discharge: Hospice 1.47 (1.08, 1.90) 1.21 (1.10, 1.32) 1.16 (0.74, 1.69) 0.16 (0.04, 0.52) 8.67 (6.07, 12.32) 9.79 (2.56, 29.95)
Discharge: ICF/SNF 1.16 (1.05, 1.28) 1.17 (1.08, 1.25) 0.97 (0.81, 1.15) 0.48 (0.31, 0.74) 1.10 (0.80, 1.51) 1.64 (0.92, 2.85)
Discharge: Other 1.10 (0.91, 1.31)  0.99 (0.85, 1.15) 1.18 (0.84, 1.58) 0.72 (0.32, 1.53) 1.49 (0.80, 2.67) 0.85 (0.23, 2.55)
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Figure E.2: Pointwise posterior median and 95% ClIs for the hazard ratio associated with each of the covariates for readmission
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from the analysis of the New England Medicare data using the heteroscedastic Weibull-MVN model.
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Figure E.3: Pointwise posterior median and 95% CIs for the hazard ratio associated with each of the covariates for death without

readmission from the analysis of the New England Medicare data using the heteroscedastic Weibull-MVN model.
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Figure E.4: Pointwise posterior median and 95% CIs for the hazard ratio associated with each of the covariates for death

following readmission from the analysis of the New England Medicare data using the heteroscedastic Weibull-MVN model.
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