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1. BayesSurv_HReg applied to independent, univariate time-to-event data fit to a Cox PH model with Weibull baseline hazard

Definition of the survival model

Let t; denote the time-to-event of interest for individuals i = 1, ..., n, subject to right censoring at time c;.
observations, where y; = min (¢;, ¢;), §; = 1(¢; < ¢;), and x; is a vector of covariates for individual i. The following Cox proportional hazards model is

assumed

h(ti|x;) = ho(t;) exp (x;ﬁ), t; >0,

where the baseline hazard hq is defined parametrically by a Weibull hazard, ho(t) = axt®1.

In the Bayesian framework, priors must be specified for the regression parameter, , and the shape and scale parameters of baseline hazard function,

a and k, respectively. The following specifications are made

Hyperparameters

The hyperparameters a and b must be specified for the prior distribution of @ which is a Gamma distribution with mean ab and variance ab?. Similarly,

() « 1,
7(a) ~ Gammal(a, b),

(k) ~ Gammal(c, d).

the hyperparameters ¢ and d must be specified for the Gamma prior of k.

Arguments to specify

Model-related
Formula
data

Hyperparameters
WB.ab

WB.cd

MCMC Settings
numReps
thin
burninPerc
mhProp_alpha_var

Starting Values

a Formula object that corresponds to the hazard h(¢;|x;): y+ 3 ~ x.
an (nxq)-dimensional data.frame; the g-columns correspond to g covariate vectors named in the formula in Formula.

a 2-vector of positive hyperparameters a and b of the prior distribution for the shape parameter a of the Weibull
baseline hazard. Example: WB.ab <- c(0.5, 0.01).
a 2-vector of positive hyperparameters ¢ and d of the prior distribution for the scale parameter x of the Weibull
baseline hazard. Example: WB.cd <- c(0.5, 0.05).

total number of scans

extent of thinning, e.g. if thin=10 retain every 1 sample.

the proportion of burn-in (samples to be discarded before analyzing the data).

the shape parameter « is updated using a Metropolis-Hastings random walk step generating proposals from a
Gamma distribution with variance mhProp_alpha_var.

Oth

startValues use initiate.startValues_HReg(Formula, data, model, nChain, beta = NULL, WB.alpha = NULL, WB.kappa =
NULL) which initiates starting values for f, a and « in the Metropolis-Hastings algorithm if left unspecified. Users
may set non-null starting values for any of these parameters.
Storage
path name of the directory where results are stored. Can leave unspecified.
Implementation
data(survData)

form <- Formula(time + event

##

covl + cov2)

WB.ab <- c(0.5, 0.01) # prior parameters for alpha
WB.cd <- ¢(0.5, 0.05) # prior parameters for kappa
hyperParams <- list(WB=list(WB.ab=WB.ab, WB.cd=WB.cd))

#it

numReps <- 2000
burninPerc <- 0.5
thin <- 10

mhProp_alpha_var <- 0.01

meme <- list(run=list(numReps=numReps, thin=thin, burninPerc=burninPerc),
tuning=list (mhProp_alpha_var=mhProp_alpha_var))

##
myModel <- "Weibull"

myPath <- "Output/O1-Results-WB/"
startValues <- initiate.startValues_HReg(form, survData, model=myModel, nChain=2)

##

fit_WB <- BayesSurv_HReg(form, survData, id=NULL, model=myModel, hyperParams, startValues, mcmc, path=myPath)

summary (fit_WB)

pred_WB <- predict(fit_WB, tsegq=seq(from=0, to=30, by=5))

plot(pred_WB, plot.est="Haz")

plot(pred_WB, plot.est="Surv")

Let (yi, 6i, x;) denote independent



2. BayesSurv_HReg applied to independent, univariate time-to-event data fit to a Cox PH model with PEM baseline hazard

Definition of the survival model
Let #; denote the time-to-event of interest for individuals i = 1, ..., n, subject to right censoring at time c;. Let (y;, i, x;) denote independent
observations, where y; = min (¢;, ¢;), §; = 1(¢; < ¢;), and x; is a vector of covariates for individual i. The following Cox proportional hazards model is
assumed

h(ti|x;) = ho(t;) exp (x;ﬁ), ti > 0.
The baseline hazard hg is defined non-parametrically by a mixture of piecewise exponential functions as follows

K+1

Ao(t) =logho(t) = D Akl {t € (s1. sk}
k=1

where Ap is constant and the time interval between 0 and the largest observed failure time, denoted si, is partitioned into K + 1 disjoint intervals:
0<sy < <SK+1-

In the Bayesian framework, priors must be specified for the regression parameter, £, the number of intervals, K, and the partition points (s1, - . ., Sk+1),
respectively. The following specifications are made

m(f) e 1,
MK, pa, 03 ~ MV Nk (a1, 0535)
K ~ Poisson(a),
(2K + D! TTRA (s = sk-1)
(sxcen) KD

7(s|K) o

>

() o 1,

0'/{2 ~ Gammal(a, b).

The prior specification for A follows a MVN-ICAR (see Supplemental Material to Lee, Haneuse, Schrag and Dominici, 2015). Note that K and s jointly
form a time-homogeneous Poisson process prior for the partition.

Hyperparameters
The hyperparameter ¢ must be specified for the prior distribution of K, as well as a and b, the rate and shape of the Gamma distributed hyperprior for 0'/{2.

Arguments to specify

Model-related

Formula a Formula object that corresponds to the hazard h(t;|x;): y+ 6 ~ x.

data an (nxq)-dimensional data.frame; the g-columns correspond to g covariate vectors named in the formula in Formula.
Hyperparameters

PEM. ab a 2-vector of positive hyperparameters a and b of the prior distribution for 0'/{2. Example: PEM.ab <- ¢(0.7,0.7).

PEM.alpha hyperparameter a of the prior distribution for K, which is one less than the number of partition points. Example:

PEM.alpha <- 10.
MCMC Settings

numReps total number of scans

thin extent of thinning, e.g. if thin=10 retain every 10t" sample.

burninPerc the proportion of burn-in (samples to be discarded before analyzing the data).

C a numeric value for the proportion that determines the sum of probabilities choosing the birth and death movesﬂ

delPert the perturbation parameter in the birth updates; values must be between 0 and 0.5.1

rj.scheme rj.scheme=1: the birth update will draw the proposal time split from 1 : s;;,4x; rj.scheme=2: the birth update will
draw the proposal time split from uniquely ordered failure times in the data.

K_max the number of splits allowed in each iteration of the Metropolis-Hastings-Green algorithm.

s_max the largest observed failure time, given by s_max <- max(data$time[data$event==1])

time_lambda time points at which the A is monitored for convergence. Example: time_lambda <- seq(l, s_max, 1). The

chains for these monitoring points can be found in lambda.fin in the chains of the BayesSurv_HReg object.

Starting Values
startValues use initiate.startValues_HReg(Formula, data, model, nChain, beta = NULL) which initiates all necessary
starting values in the Metropolis-Hastings-Green algorithm. Users may set non-null starting values for beta.

Storage
path name of the directory where results are stored. Can leave unspecified.

1See Section A in Supplemental Material to Lee et al. (2015)



Implementation

data(survData)
form <- Formula(time + event ~ covl + cov2)
##

PEM.ab <- c¢(0.7, 0.7) # prior parameters for 1/sigma~2
PEM.alpha <- 10 # prior parameters for K
hyperParams <- list(PEM=list (PEM.ab=PEM.ab, PEM.alpha=PEM.alpha))
#it
numReps <- 2000
burninPerc <- 0.5
thin <- 10
C <- 0.2
delPert <- 0.5
rj.scheme <- 2
K_max <- 50
s_max <- max(survData$time [survData$event == 1])
time_lambda <- seq(1l, s_max, 0.5)
meme <- list(run=list(numReps=numReps, thin=thin, burninPerc=burninPerc),
tuning=1ist(C=C, delPert=delPert, rj.scheme=rj.schemne,
K_max=K_max, s_max=s_max, time_lambda=time_lambda) )
#it
myModel <- "PEM"
myPath <- "Output/02-Results-PEM/"
startValues <- initiate.startValues_HReg(form, survData, model=myModel, nChain=2)
#it
fit_PEM <- BayesSurv_HReg(form, survData, id=NULL, model=myModel,
hyperParams, startValues, mcmc, path=myPath)
summary (fit_PEM)
pred_PEM <- predict(fit_PEM)
plot(pred_PEM, plot.est="Haz")
plot (pred_PEM, plot.est="Surv")



3. BayesSurv_AFT applied to independent, univariate time-to-event data fit to an AFT model with log-Normal baseline survival distribution

Definition of the survival model
Let ¢; denote the time-to-event of interest for individuals i = 1, ..., n. In the presence of interval censoring, the time-to-event for the i*" subject satisfies
cij <tj <cijy1. Let (cij, cijr1, Li, x;) denote independent observations, where L; is the left-truncation time and x; is a vector of covariates for individual
i. The following AFT model is assumed

log(¢;) = x:ﬁ +e€;, t; >0.

We take ¢; to follow the Normal(y, o2) distribution for €; for the parametric AFT model. In the Bayesian framework, priors must be specified for g, u,
and 2. The following specifications are made

7(f, p) e 1,

o2 ~ Inverse — Gammal(ag, bs).

Hyperparameters
The hyperparameters, a, and b, must be specified for the prior distribution of o2.

Arguments to specify

Model-related

Formula a Formula object that corresponds to log(¢;): Llyr + yu ~ x.
data an (nxq)-dimensional data.frame; the g-columns correspond to g covariate vectors named in the formula in Formula.
Hyperparameters
LN.ab a 2-vector of positive hyperparameters a and b of the prior distribution for o2. Example: LN.ab <- ¢(0.7,0.7).
MCMC Settings
numReps total number of scans
thin extent of thinning, e.g. if thin=10 retain every 10" sample.
burninPerc the proportion of burn-in (samples to be discarded before analyzing the data).
beta.prop.var the parameter f is updated using a Metropolis-Hastings random walk step generating proposals from a Normal
distribution with variance beta.prop.var.
mu.prop.var the parameter p is updated using a Metropolis-Hastings random walk step generating proposals from a Normal
distribution with variance mu.prop.var.
zeta.prop.var the parameter { = 1/02 is updated using a Metropolis-Hastings random walk step generating proposals from a

log-Normal distribution with variance zeta.prop.var.

Starting Values
startValues use initiate.startValues_AFT(Formula, data, model, nChain, beta = NULL, y = NULL, LN.mu = NULL,
LN.sigSq = NULL) which initiates all necessary starting values in the Metropolis-Hastings algorithm. Users may
set non-null starting values for beta, y, LN.mu, LN.sigSq.

Storage
path name of the directory where results are stored. Can leave unspecified.

Implementation

data(survData)

survData$yLl <- survData$yU <- survDatal,1]
survData$yU[which(survDatal[,2] == 0)] <- Inf
survData$LT <- rep(0, dim(survData)[1])

form <- Formula(LT | yL + yU ~ covl + cov2)
##

LN.ab <- ¢(0.3, 0.3)

hyperParams <- list(LN=1ist(LN.ab=LN.ab))

##
numReps <- 1000
thin <- 10

burninPerc <- 0.5

beta.prop.var <- 0.01

mu.prop.var <- 0.1

zeta.prop.var <- 0.1

mcmcParams <- list(run=list(numReps=numReps, thin=thin, burninPerc=burninPerc),
tuning=list(beta.prop.var=beta.prop.var, mu.prop.var=mu.prop.var,
zeta.prop.var=zeta.prop.var))

##

myModel <- "LN"

myPath <- "Qutput/O1-Results-LN/"

startValues <- initiate.startValues_AFT(form, survData, model=myModel, nChain=2)
##

fit_LN <- BayesSurv_AFT(form, survData, model=myModel, hyperParams,
startValues, mcmcParams, path=myPath)

summary (fit_LN)

pred_LN <- predict(fit_LN, time = seq(0, 35, 1), tseqg=seq(from=0, to=30, by=5))
plot(pred_LN, plot.est="Haz")

plot(pred_LN, plot.est="Surv")



4. BayesSurv_AFT applied to independent, univariate time-to-event data fit to an AFT model with DPM baseline survival distribution

Definition of the survival model
Let ¢; denote the time-to-event of interest for individuals i = 1, ..., n. Considering interval censoring, the time-to-event for the i*h subject satisfies
cij < t; <cijy1. Let (cij, cijr1, Li, x;) denote independent observations, where L; is the left-truncation time and x; is a vector of covariates for individual
i. The following AFT model is assumed

log(¢;) = xlTﬁ +€5, ti >0,

where €; is assumed to be taken as draws from the DPM of normal distributions:

€i|r; ~ Normal(py,, arQi ),
(prs 0,2) ~Gq, forr=1,..., M,
rilp ~ Discrete(rilp1, - - -, pMm),
p ~ Dirichlet(z/M, ..., t/M).
In the Bayesian framework, priors must be specified for the unknown parameters. We take the G as a normal distribution centered at po with a variance

O'g for pr and an inverse-Gamma(as, by ) for ar2. For B, we adopt non-informative flat priors on the real line. Finally, we specify a Gamma(a,, b;)
hyperprior for the precision parameter .

Hyperparameters
The hyperparameter (o, 002, as, bs) must be specified for the centering distribution Gg, as well as a; and b;, the rate and shape of the Gamma

distributed hyperprior for 7.

Arguments to specify

Model-related

Formula a Formula object that corresponds to log(t;): Llyr + yu ~ x.
data an (nxq)-dimensional data.frame; the g-columns correspond to g covariate vectors named in the formula in Formula.
Hyperparameters
DPM.mu a hyperparameter ug of the centering distribution Gy.
DPM.sigSq a positive-valued hyperparameter ag of the centering distribution Gg.
DPM.ab a 2-vector of positive hyperparameters a, and b, of the centering distribution Gg.
Tau.ab a 2-vector of positive hyperparameters a; and b, of the hyperprior distribution for 7. Example: Tau.ab <- c(1.5,
0.0125).
MCMC Settings
numReps total number of scans
thin extent of thinning, e.g. if thin=10 retain every 10" sample.
burninPerc the proportion of burn-in (samples to be discarded before analyzing the data).
beta.prop.var the parameter f is updated using a Metropolis-Hastings random walk step generating proposals from a Normal
distribution with variance beta.prop.var.
mu.prop.var the parameter p, is updated using a Metropolis-Hastings random walk step generating proposals from a Normal
distribution with variance mu.prop.var.
zeta.prop.var the parameter ¢, = 1/0? is updated using a Metropolis-Hastings random walk step generating proposals from a

log-Normal distribution with variance zeta.prop.var.

Starting Values
startValues use initiate.startValues_AFT(Formula, data, model, nChain, beta = NULL, y = NULL, DPM.class = NULL,
DPM.mu = NULL, DPM.zeta=NULL, DPM.tau=NULL) which initiates all necessary starting values in the Metropolis-
Hastings algorithm. Users may set non-null starting values for beta, y, DPM.class, DPM.mu, DPM.zeta, DPM. tau.

Storage
path name of the directory where results are stored. Can leave unspecified.




Implementation

data(survData)

survData$yl <- survData$yU <- survDatal,1]

survData$yU[which(survDatal[,2] == 0)] <- Inf

survData$LT <- rep(0, dim(survData)[1])

form <- Formula(LT | yL + yU ~ covl + cov2)

##

DPM.mu <- log(12)

DPM.sigSq <- 100

DPM.ab <- c¢(2, 1)

Tau.ab <- c(1.5, 0.0125)

hyperParams <- list(DPM=1list(DPM.mu=DPM.mu, DPM.sigSq=DPM.sigSq, DPM.ab=DPM.ab, Tau.ab=Tau.ab))
##

numReps <- 1000

thin <- 10

burninPerc <- 0.5

beta.prop.var <- 0.01

mu.prop.var <- 0.1

zeta.prop.var <- 0.1

mcmcParams <- list(run=list(numReps=numReps, thin=thin, burninPerc=burninPerc),
tuning=list(beta.prop.var=beta.prop.var, mu.prop.var=mu.prop.var,
zeta.prop.var=zeta.prop.var))

##

myModel <- "DPM"

myPath <- "Output/02-Results-DPM/"

startValues <- initiate.startValues_AFT(form, survData, model=myModel, nChain=2)
##

fit_DPM <- BayesSurv_AFT(form, survData, model=myModel, hyperParams,
startValues, mcmcParams, path=myPath)

summary (fit_DPM)

pred_DPM <- predict(fit_DPM, time = seq(0, 35, 1), tseq=seq(from=0, to=30, by=5))
plot(pred_DPM, plot.est="Haz")

plot (pred_DPM, plot.est="Surv")



5. BayesSurv_HReg applied to cluster-correlated, univariate time-to-event data fit to a Cox PH model with Weibull baseline hazard

Definition of the survival model
Let t;; denote the time-to-event of interest for individuals i = 1, ..., n; in cluster j = 1, ... ], subject to right censoring at time c;;. Let (y;i, 6ji, xji)
denote independent observations, where y;; = min (tji, Cﬁ), 8ji = 1(tji < cji), and xj; is a vector of covariates for individual i. The following Cox
proportional hazards model is assumed

h(tjilxji) = ho(tji) exp (x;iﬂ + Vj), tj; >0,

where the V;’s are cluster-specific random effects and the baseline hazard hg is defined parametrically by a Weibull hazard, ho(t) = axt® 1,
In the Bayesian framework, priors must be specified for the regression parameter, 8, the cluster-specific random effects, V;, and the shape and scale
parameters of baseline hazard function, «¢ and k, respectively. The prior distributions for f, a and k are given below.

m(p) e 1,
() ~ Gammal(a, b),

(k) ~ Gammal(c, d).

We provide two possible prior specifications for the cluster-specific random effects below.

Vi ~ Normal(0, o2), Vilmj ~ Normal(pm, 0',%1),
1
{=— ~ Gamma(an,bn). (> 02) ~ Go, for m=1,...M,
o
mjlp ~ Discrete(mj|p1,...,pnm)
p ~ Dirichlet(t/M, ..., 7/M),

t ~ Gamma(ar, br).
In the first column, the individual specific-random effects are assumed to be d (0, 02). In the second column, the cluster-specific random effects are
drawn from a mixture of M normal distributions each with mean and variance (¢m, 62,) which are distributed as a multivariate Normal/Inverse-Gamma
(NIG), denoted by Gp; we refer to this as the Dirichlet process mixture (DPM) prior. The probability density of Gy is defined by the product

At (i o210, Lo, a0, bo) = fNormal (110, 1/43) X faamma({ = 1/0?|ag, bo).

We assume g =0 and {p = 1.

Hyperparameters
a, b : shape and rate of Gamma prior for a
c,d : shape and rate of Gamma prior for k
an, by : mean and variance of normal prior for V;
ap, by :  shape and rate of Gamma component of the prior distribution, Go, of (ym., 0,2,1) (DPM prior)
ar, by :  shape and rate of Gamma hyperprior for z (DPM prior)

Arguments to specify

Model-related

Formula a Formula object that corresponds to the hazard h(¢;|x;): y+3J ~ x.

data an (nxq)-dimensional data.frame; the g-columns correspond to g covariate vectors named in the formula in Formula.

model a character vector that specifies the type of components in the model. Use model <- c("Weibull", "Normal") for
Normal prior for V; and use model <- c("Weibull", "DPM") for DPM prior.

id an n-vector of cluster information where cluster membership corresponds to one of the positive integers 1, ..., J.

Hyperparameters

WB.ab a 2-vector of positive hyperparameters a and b of the prior distribution for the shape parameter « of the Weibull
baseline hazard. Example: WB.ab <- c(0.5, 0.01).

WB.cd a 2-vector of positive hyperparameters ¢ and d of the prior distribution for the scale parameter x of the Weibull

baseline hazard. Example: WB.cd <- c¢(0.5, 0.05).

Normal prior for V;
Normal.ab a 2-vector of positive hyperparameters an and by of the prior for 1/62, the precision of the normally distributed
cluster-specific random effects. Example: Normal.ab <- ¢(0.5, 0.01).
DPM prior for V;

DPM.ab a 2-vector of positive hyperparameters ag and by of the prior for (um, 02,), the parameters of the normally dis-
tributed cluster-specific random effects. Example: DPM.ab <- c(0.5, 0.01).

aTau a positive-valued hyperparameter corresponding to the shape parameter, a,, of the Gamma prior of 7.

bTau a positive-valued hyperparameter corresponding to the rate parameter, b, , of the Gamma prior of 7.

MCMC Settings

numReps total number of scans

thin extent of thinning, e.g. if thin=10 retain every 10¢* sample.

burninPerc the proportion of burn-in (samples to be discarded before analyzing the data).

mhProp_alpha_var the shape parameter « is updated using a Metropolis-Hastings random walk algorithm which generates proposals
from a Gamma distribution with variance mhProp_alpha_var.

mhProp_V_var the cluster-specific random effects, Vj;, are updated using a Metropolis-Hastings random walk algorithm which

generates proposals from a Normal distribution with variance mhProp_V_var

Starting Values
startValues use initiate.startValues_HReg(Formula, data, model, id, nChain, beta = NULL, WB.alpha = NULL,
WB.kappa = NULL, V.j = NULL, Normal.zeta = NULL, DPM.class = NULL, DPM.tau = NULL) which initiates
starting values for f, a, k, V;, ¢ (in the DPM model for V;) and 7 in the Metropolis-Hastings-Green algorithm
if left unspecified; DPM.class sets the starting value for class membership in the DPM model. Users may set
non-null starting values for any of these parameters.



Storage

path name of the directory where results are stored. Can leave unspecified.
storeV a TRUE/FALSE logical constant indicating storage of V; values.
Implementation
data(survData)

id=survData$cluster
form <- Formula(time + event ~ covl + cov2)
##

WB.ab <- c(0.5, 0.01) # prior parameters for alpha
WB.cd <- c(0.5, 0.05) # prior parameters for kappa
Normal.ab <- c¢(0.5, 0.01) # for Normal random effects

DPM.ab <- c(0.5, 0.01) # For DPM
aTau <- 1.5
bTau <- 0.0125
hyperParams.WB.Normal <- list(WB=list(WB.ab=WB.ab, WB.cd=WB.cd),
Normal=list (Normal.ab=Normal.ab))
hyperParams.WB.DPM <- list(WB=list(WB.ab=WB.ab, WB.cd=WB.cd),
DPM=1ist (DPM.ab=DPM.ab, aTau=aTau, bTau=bTau))
##
numReps <- 2000
burninPerc <- 0.5

thin <- 10
mhProp_alpha_var <- 0.01
mhProp_V_var <- 0.05

storeV <- TRUE
mcme.WB <- list(run=list(numReps=numReps, thin=thin, burninPerc=burninPerc),
storage=list (storeV=storeV),
tuning=list(throp_alpha_var=throp_alpha_var, throp_V_var=throp_V_var))
##
myModel.WB.Normal <- c("Weibull","Normal")
myPath.WB.Normal <- "QOutput/03-Results-WB_Normal/"
startValues.WB.Normal <- initiate.startValues_HReg(form, survData, id, model=myModel.WB.Normal, nChain=2)
##
fit_WB_N <- BayesSurv_HReg(form, survData, id, model=myModel.WB.Normal, hyperParams.WB.Normal,
startValues.WB.Normal, mcmc.WB, path=myPath.WB.Normal)
summary (fit_WB_N)
pred_WB_N <- predict(fit_WB_N, tseq=seq(from=0, to=30, by=5))
plot(pred_WB_N, plot.est="Haz")
plot(pred_WB_N, plot.est="Surv")
##
myModel .WB.DPM <- c("Weibull","DPM")
myPath.WB.DPM <- "Qutput/04-Results-WB_DPM/"
startValues.WB.DPM <- initiate.startValues_HReg(form, survData, id, model=myModel.WB.DPM, nChain=2)
##
fit_WB_DPM <- BayesSurv_HReg(form, survData, id, model=myModel.WB.DPM, hyperParams.WB.DPM,
startValues.WB.DPM, mcmc.WB, path=myPath.WB.DPM)
summary (£it_WB_DPM)
pred_WB_DPM <- predict(fit_WB_DPM, tsegq=seq(from=0, to=30, by=5))
plot(pred_WB_DPM, plot.est="Haz")
plot (pred_WB_DPM, plot.est="Surv")



6. BayesSurv applied to cluster-correlated, univariate time-to-event data fit to a Cox PH model with PEM baseline hazard

Definition of the survival model
Let t;; denote the time-to-event of interest for individuals i =1, ..., nj in cluster j = 1, ... J, subject to right censoring at time cj;. Let (yji, Sji» Xji)
denote independent observations, where y;; = min (tji, cji), dji = 1(tji < cji), and xj; is a vector of covariates for individual i. The following Cox
proportional hazards model is assumed

h(tjilxji) = ho(tj;) exp (ijiﬂ + Vj)’ tji >0,
The baseline hazard hg is defined non-parametrically by a mixture of piecewise exponential functions as follows

K+1

Ao(t) =log ho(t) = Y AkL{t € (s-1. sk}
k=1

where Ag is constant and the time interval between 0 and the largest observed failure time, denoted s, is partitioned into K + 1 disjoint intervals:
0<sy < - <SK+1-

In the Bayesian framework, priors must be specified for the regression parameter, £, the number of intervals, K, and the partition points (s1, - . ., Sk+1),
respectively. The following specifications are made

m(f) e,
MK, pa, 03 ~ MV Nk41 (a1, 0525)
K ~ Poisson(«),

(1K) (2K + D TTRA sk = sie-1)
T k3

(ske1) 2EFD

(py) o« 1,

0;2 ~ Gammal(a, b).

The prior specification for A follows a MVN-ICAR (see Supplemental Material to Lee, Haneuse, Schrag and Dominici, 2015). Note that K and s jointly
form a time-homogeneous Poisson process prior for the partition.

We provide two possible prior specifications for the cluster-specific random effects below.

Vi ~ Normal(0, o2), Vilm; ~ Normal(pm, 0,271),
{= — o~ Gammal(ap, bn). (Kms ‘731) ~ Gg, for m=1,...M,
o
mjlp ~ Discrete(mjlp1,...,pnm)

p ~ Dirichlet(t/M, ..., /M),

t ~ Gamma(az, br).
In the first column, the individual specific-random effects are assumed to be id N(0, 02). In the second column, the cluster-specific random effects are
drawn from a mixture of M normal distributions each with mean and variance (g, o2,) which are distributed as a multivariate Normal/Inverse-Gamma
(NIG), denoted by Gop; we refer to this as the Dirichlet process mixture (DPM) prior. The probability density of Gg is defined by the product

fia (i 02 o, Lo, a0, bo) = formal (1110, 1/43) X faamma({ = 1/0?lao, bo).

We assume pp =0 and {p = 1.

Hyperparameters
o : hyperparameter of K
a, b :  shape and rate of Gamma prior for 052
an, by @ mean and variance of normal prior for V;
ap, bo . shape and rate of Gamma component of the prior distribution, Gg, of (tm, 62,)
ar, by :  shape and rate of Gamma hyperprior for ¢
Arguments to specify
Model-related
Formula a Formula object that corresponds to the hazard h(t;|x;): y+3J ~ x.
data an (nxq)-dimensional data.frame; the g-columns correspond to g covariate vectors named in the formula in Formula.
model a character vector that specifies the type of components in the model. Use model <- c("PEM", "DPM").
id an n-vector of cluster information where cluster membership corresponds to one of the positive integers 1, ..., J.
Hyperparameters
PEM. ab a 2-vector of positive hyperparameters a and b of the prior distribution for U/{QA Example: PEM.ab <- ¢(0.7,0.7).
PEM.alpha hyperparameter a of the prior distribution for K, which is one less than the number of partition points. Example:

PEM.alpha <- 10.

Normal prior for V;
Normal.ab a 2-vector of positive hyperparameters any and by of the prior for 1/62, the precision of the normally distributed
cluster-specific random effects. Example: Normal.ab <- c(0.5, 0.01).
DPM prior for V;

DPM.ab a 2-vector of positive hyperparameters ag and bg of the prior for (., 0'31), the parameters of the normally dis-
tributed cluster-specific random effects. Example: DPM.ab <- c¢(0.5, 0.01).
aTau a positive-valued hyperparameter corresponding to the shape parameter, a,, of the Gamma prior of z.
bTau a positive-valued hyperparameter corresponding to the rate parameter, b, of the Gamma prior of 7.
MCMUC Settings
numReps total number of scans
thin extent of thinning, e.g. if thin=10 retain every 10" sample.

burninPerc the proportion of burn-in (samples to be discarded before analyzing the data).



mhProp_V_var

C
delPert
rj.scheme

K_max

s_max
time_lambda

Starting Values

the cluster-specific random effects, Vj;, are updated using a Metropolis-Hastings random walk algorithm which
generates proposals from a Normal distribution with variance mhProp_V_var

a numeric value for the proportion that determines the sum of probabilities choosing the birth and death movesEl
the perturbation parameter in the birth updates; values must be between 0 and 0.5.2

rj.scheme=1: the birth update will draw the proposal time split from 1 : s;,4x; rj.scheme=2: the birth update will
draw the proposal time split from uniquely ordered failure times in the data.

the number of splits allowed in each iteration of the Metropolis-Hastings-Green algorithm.

the largest observed failure time, given by s_max <- max(data$time[data$event==1])

time points at which the A is monitored for convergence. Example: time_lambda <- seq(l, s_max, 1). The
chains for these monitoring points can be found in lambda.fin in the chains of the BayesSurv object.

startValues use initiate.startValues_HReg(Formula, data, model, nChain, beta = NULL, V.j=NULL, Normal.zeta=NULL,
DPM.class=NULL, DPM.tau=NULL) which initiates starting values for f, V;, { (in the DPM model for V;) and 7 in
the Metropolis-Hastings-Green algorithm if left unspecified; DPM. class sets the starting value for class membership
in the DPM model. Users may set non-null starting values for any of these parameters.
Storage
path name of the directory where results are stored. Can leave unspecified.
storeV a TRUE/FALSE logical constant indicating storage of V; values.
Implementation
data(survData)

id=survData$cluster
form <- Formula(time + event
##

~ covl + cov2)

PEM.ab <- ¢(0.7, 0.7) # prior parameters for 1/sigma~2
PEM.alpha <- 10 # prior parameters for K

Normal.ab <- c(0.5, 0.01)

# for Normal random effects

DPM.ab <- c¢(0.5, 0.01) # For DPM

aTau <- 1.5
bTau <- 0.0125

hyperParams.PEM.Normal <- list (PEM=1ist (PEM.ab=PEM.ab, PEM.alpha=PEM.a1pha),
Normal=list (Normal.ab=Normal.ab))

hyperParams.PEM.DPM <- list(PEM=list(PEM.ab=PEM.ab, PEM.alpha=PEM.alpha),
DPM=1ist (DPM.ab=DPM.ab, aTau=aTau, bTau=bTau))

##

numReps <- 2000
burninPerc <- 0.5

thin <- 10

mhProp_V_var <- 0.05
storeV <- TRUE

C <- 0.2

delPert <- 0.5
rj.scheme <- 2

K_max <- 50

s_max <- max(survData$time [survData$event == 1])
time_lambda <- seq(1l, s_max, 0.5)
mcmc.PEM <- list(run=list(numReps=numReps, thin=thin, burninPerc=burninPerc),
storage=list(storeV=storeV),
tuning=list(throp_V_var=throp_V_var, C=C, delPert=delPert, rj.scheme=rj.scheme,
K_max=K_max, s_max=s_max, time_lambda=time_lambda) )

##

myModel.PEM.Normal <- c("PEM","Normal")
myPath.PEM.Normal <- "Output/O05-Results-PEM_Normal/"
startValues.PEM.Normal <- initiate.startValues_HReg(form, survData, id, model=myModel.PEM.Normal, nChain=2)

##

fit_PEM_N <- BayesSurv_HReg(form, survData, id, model=myModel.PEM.Normal, hyperParams.PEM.Normal,
startValues.PEM.Normal, mcmc.PEM, path=myPath.PEM.Normal)

summary (fit_PEM_N)

pred_PEM_N <- predict(fit_PEM_N)
plot(pred_PEM_N, plot.est="Haz")
plot(pred_PEM_N, plot.est="Surv")

##

myModel.PEM.DPM <- c("PEM","DPM")
myPath.PEM.DPM <- "Qutput/06-Results-PEM_DPM/"
startValues.PEM.DPM <- initiate.startValues_HReg(form, survData, id, model=myModel.PEM.DPM, nChain=2)

##

fit_PEM_DPM <- BayesSurv_HReg(form, survData, id, model=myModel.PEM.DPM, hyperParams.PEM.DPM,
startValues.PEM.DPM, mcmc.PEM, path=myPath.PEM.DPM)

pred_PEM_DPM <- predict(fit_PEM_DPM)

plot (pred_PEM_DPM, plot.est="Haz")

plot (pred_PEM_DPM, plot.est="Surv")

2See Section A in Supplemental Material to Lee et al. (2015)



7. BayesID_HReg to analyze independent semi-competing risks data using an illness-death model with Weibull baseline hazards

Definition of the survival model

Let t;1 and t;2 denote the time to nonterminal event and terminal event from subject i = 1,...,n, subject to right censoring at time c¢;. Let
(yi1, yi2, di1, di2, x;i) denote independent observations, where y;1 = min (¢;1, ti2, ¢;), di1 = L {t;1 < min(¢2, ¢;)}, yi2 = min (2, ¢i), di2 = 1 {tia < c;i},
and x; is a vector of covariates for individual i. The independent semi-competing risks data are assumed to arise from an illness-death model system
with transitions that are modeled through the following three hazard functions:

hi(tinlyji xa) = yjihoi(ta) exp (x] p1), ta >0, 1)
ha(tizlyji xi2) = yjihoa(ti2) exp (x),B2), tiz > 0, (2)
hs(tizltin, Vi xi3) = yjihos(ti2) exp (x5 83), tiz > 0, 3)

where y;; is a subject-specific frailty with vectors of covariates x;1, x;2 and x;3 which are subsets of x;. The baseline hazard functions are defined
parametrically by Weibull hazards of the form hog4(t) = agthO’g_l, for g € {1, 2, 3}. The baseline hazard function hg3 is assumed to be Markov with
respect to t;1; we will refer to the set of conditional hazard functions in — as the Markov model. Alternatively, we consider modeling h3 as follows:

h3(tizlti1, yji> xi3) = yjiho3(tia — ti1) exp (X,T?,ﬁs), 0 < ti1 < ti2. (4)

We will refer to the set of conditional hazard functions in , and as the semi-Markov model.
In the Bayesian framework, priors must be specified for the regression parameter, B, the shape and scale parameters of baseline hazard function, ay
and kg4, and the frailty parameter, y;;, respectively, for g € {1, 2, 3}. The following specifications are made

”(ﬁg) o1,
ag ~ Gammal(ag, by),
kg ~ Gamma(cg, dg),
Yjil ~ Gamma(@’l, 9’1),
07t ~ Gamma(y, w).

Hyperparameters
ag, by : shape and rate of Gamma prior for a4 for g € {1, 2, 3}
cg, dg :  shape and rate of Gamma prior for x4 for g € {1, 2, 3}
the shape of Gamma prior for 671
w :  the rate of Gamma prior for 71

Arguments to specify
Model-related

Formula a Formula object that corresponds to hy, for g € {1, 2, 3}: y1 + d1ly2 + 82 ~ x1|x2|x3.

data an (nxgq)-dimensional data.frame; the g-columns correspond to g covariate vectors named in the formula in Formula
below.

model c("Markov","Weibull") for Markov definition of h3 in ; c("semi-Markov","Weibull") for semi-Markov definition
of h3 in .

Hyperparameters

WB.abl a 2-vector of positive hyperparameters a; and by of the prior distribution for the shape parameter a; of the Weibull
baseline hazard. Example: WB.abl <- ¢(0.5, 0.01).

WB.ab2 a 2-vector of positive hyperparameters az and by of the prior for as.

WB.ab3 a 2-vector of positive hyperparameters as and b3 of the prior for as.

WB.cd1l a 2-vector of positive hyperparameters ¢; and d; of the prior distribution for the scale parameter k1 of the Weibull
baseline hazard. Example: WB.cd1l <- c¢(0.5, 0.05).

WB.cd2 a 2-vector of positive hyperparameters co and ds of the prior for ks.

WB.cd3 a 2-vector of positive hyperparameters c3 and d3 of the prior for k3.

theta a 2-vector of positive hyperparameters ¢ and « for the hyperprior 6.

MCMC Settings

numReps total number of scans

thin extent of thinning, e.g. if thin=10 retain every 10" sample.

burninPerc the proportion of burn-in (samples to be discarded before analyzing the data).

mhProp_theta_var the parameter 0 is updated using a Metropolis-Hastings random walk step generating proposals from a Gamma
distribution with variance mhProp_theta_var.

mhProp_alphag_var a 3-vector which specifies the variances of the three random walk Metropolis-Hastings Gamma proposal distributions

corresponding to a1, a2, as.

Starting Values
startValues use initiate.startValues_HReg(Formula, data, model, nChain, betal = NULL, beta2 = NULL, beta3 =
NULL, gamma.ji=NULL, theta = NULL, WB.alpha = NULL, WB.kappa = NULL) which initiates starting values for
Bg, vji» 0, ag, and k4 in the Metropolis-Hastings algorithm if left unspecified. Users may set non-null starting
values for any of these parameters.

Storage
path name of the directory where results are stored. Can leave unspecified.
nGam_save the number of y to be stored.




Implementation

data(scrData)
form <- Formula(timel + eventl | time2 + event2 ~ x1 + x2 + x3 | x1 + x2 | x1 + x2)
##

WB.abl <- c(0.5, 0.01)
WB.ab2 <- c(0.5, 0.01)
WB.ab3 <- c(0.5, 0.01)
WB.cdl <- c(0.5, 0.05)
WB.cd2 <- c(0.5, 0.05)
WB.cd3 <- c(0.5, 0.05)

theta <- ¢(0.7, 0.7) # prior params for 1/theta
hyperParams <- list(theta=theta,
WB=1ist (WB.ab1=WB.abl, WB.ab2=WB.ab2, WB.ab3=WB.ab3,
WB.cd1=WB.cdl, WB.cd2=WB.cd2, WB.cd3=WB.cd3))

##
numReps <- 2000
thin <- 10

burninPerc <- 0.25
mhProp_theta_var <- 0.05
mhProp_alphag_var <- c(0.01, 0.01, 0.01)
nGam_save <- 0
mcme.WB  <- list(run=list(numReps=numReps, thin=thin, burninPerc=burninPerc),
storage=1list (nGam_save=nGam_save),
tuning=list (mhProp_theta_var=mhProp_theta_var, mhProp_alphag_var=mhProp_alphag_var))
##
myModel <- c("semi-Markov", "Weibull")
myPath <- "Output/O1-Results-WB/"
startValues <- initiate.startValues_HReg(form, scrData, model=myModel, nChain=2)
##
fit_WB <- BayesID_HReg(form, scrData, id=NULL, model=myModel,
hyperParams, startValues, mcmc.WB, path=myPath)
fit_WB
summary (fit_WB)
pred_WB <- predict(fit_WB, tseq=seq(from=0, to=30, by=5))
plot(pred_WB, plot.est="Haz")
plot(pred_WB, plot.est="Surv")



8. BayesID_HReg to analyze independent semi-competing risks data using an illness-death model with PEM baseline hazards

Definition of the survival model

Let t;1 and t;2 denote the time to nonterminal event and terminal event from subject i = 1,...,n, subject to right censoring at time c¢;. Let
(yi1, yi2, di1, di2, x;i) denote independent observations, where y;1 = min (¢;1, ti2, ¢;), di1 = L {t;1 < min(¢2, ¢;)}, yi2 = min (2, ¢i), di2 = 1 {tia < c;i},
and x; is a vector of covariates for individual i. The independent semi-competing risks data are assumed to arise from an illness-death model system
with transitions that are modeled through the following three hazard functions:

hi(tinlyji xa) = yjihoi(ta) exp (x] p1), ta >0, (5)
ha(tizlyji xi2) = yjihoa(ti2) exp (x),B2), tiz > 0, (6)
hs(tizltin, Vi xi3) = yjihos(ti2) exp (x5 83), tiz > 0, (M)

where y;; is a subject-specific frailty with vectors of covariates x;1, x;2 and x;3 which are subsets of x;. The baseline hazard hg is defined non-parametrically
by a mixture of piecewise exponential functions as follows

K+1

Ao(®) =logho(t) = ) Akl {t € (s-1, s}
k=1

where Ay is constant and the time interval between 0 and the largest observed failure time, denoted si, is partitioned into K + 1 disjoint intervals:
0 < s1 < -+ < sg+1.- The baseline hazard function hg3 is assumed to be Markov with respect to t;1; we will refer to the set of conditional hazard
functions in —@ as the Markov model. Alternatively, we consider modeling h3 as follows:

h3(tizlti1, yji> xi3) = yjiho3(tia — ti1) exp (X,T?,ﬁs), 0 < ti1 < tj2. (8)

We will refer to the set of conditional hazard functions in , @ and as the semi-Markov model.
In the Bayesian framework, priors must be specified for the regression parameter, f, the number of intervals, K, the partition points (s, - . ., Sk+1),
and the frailty, y;;, respectively. The following specifications are made

(f) « 1,
MK, py, 05 ~ MV Nge1(pp1, 032)
K ~ Poisson(a),
(2K + DI TTRA sk = sk-1)

=1
(2K +1) >

7(s|K) o<

(sx+1)
m(py) o 1,
0';2 ~ Gamma(a, b),
Yjil0 ~ Gamma(671, 0‘1),
07t ~ Gamma(y, w).

The prior specification for A follows a MVN-ICAR (see Supplemental Material to Lee, Haneuse, Schrag and Dominici, 2015). Note that K and s jointly
form a time-homogeneous Poisson process prior for the partition.

Hyperparameters
o :  parameter corresponding to the Poisson prior of K
a, b : shape and rate of Gamma prior for 0;2
¥ the shape of Gamma prior for 671
w the rate of Gamma prior for 67!
Arguments to specify
Model-related
Formula a Formula object that corresponds to hy, for g € {1, 2, 3}: y1 + d1ly2 + 62 ~ x1|x2|x3.
data an (n x q)-dimensional data.frame; the g-columns correspond to g covariate vectors named in the formula in Formula
below.
model c("Markov","PEM") for Markov definition of h3 in (E[); c("semi-Markov","PEM") for semi-Markov definition of hg in
@)
Hyperparameters
PEM.ab1l a 2-vector of positive hyperparameters a; and b; which represent the shape and rate of the Gamma prior for 0'/{21.
Example: PEM.abl <- ¢(0.7,0.7). '
PEM. ab2 a 2-vector of positive hyperparameters a and b of the prior distribution for 0;,22.
PEM.ab3 a 2-vector of positive hyperparameters a and b of the prior distribution for 01’23.
PEM.alphal hyperparameter a of the prior distribution for K;, which is one less than the number of partition points.
PEM.alpha2 hyperparameter « of the prior distribution for Ks, which is one less than the number of partition points.
PEM.alpha3 hyperparameter a of the prior distribution for K3, which is one less than the number of partition points.
theta a 2-vector of positive hyperparameters ¥ and « for the hyperprior 6.
MCMC Settings
numReps total number of scans
thin extent of thinning, e.g. if thin=10 retain every 10" sample.
burninPerc the proportion of burn-in (samples to be discarded before analyzing the data).
mhProp_theta_var the parameter 6 is updated using a Metropolis-Hastings random walk step generating proposals from a Gamma

distribution with variance mhProp_theta_var.



Ce
delPertg
rj.scheme
Kg_max

sg_max

time_lambdal

time_lambda?2
time_lambda3

Starting Values

a 3-vector for the proportion that determines the sum of probabilities choosing the birth and death moves for each of
the baseline hazards, hog, for g € {1, 2, 3}.
a 3-vector for the perturbation parameter in the birth updates for all three baseline hazard functions; values must be
between 0 and 0.5.3
rj.scheme=1: the birth update will draw the proposal time split from 1 : s;4x; rj.scheme=2: the birth update will
draw the proposal time split from uniquely ordered failure times in the data.
a 3-vector for the number of splits allowed in each iteration of the Metropolis-Hastings-Green algorithm for the three
baseline hazard functions.
the largest observed failure time, given by sg_max <- c( max(data$timel[data$eventl==1]),
max(data$time2[data$event1==0 & data$event2==1]),

max (data$time2[data$event1==1] & data$event2==1]))
time points at which the A; is monitored for convergence. Example: time_lambdal <- seq(l, sg_max[1], 1). The
chains for these monitoring points can be found in lambda.fin in the chains of the BayesID object.
time points at which the Ay is monitored for convergence. Example: time_lambda2 <- seq(l, sg_max[2], 1).
time points at which the A3 is monitored for convergence. Example: time_lambda3 <- seq(l, sg_max[3], 1).

startValues use initiate.startValues_HReg(form, data, model, nChain) which initiates all necessary starting values. Users may
set non-null starting values for any of the following: betal, beta2, beta3, gamma.ji, theta.
Storage
path name of the directory where results are stored. Can leave unspecified.
nGam_save the number of y to be stored.
Implementation
data(scrData)

form <- Formula(timel + eventl | time2 + event2 ~ x1 + x2 + x3 | x1 + x2 | x1 + x2)

#i#t
theta <- c(0.7, 0.7)

PEM.abl <- ¢(0.7, 0.7) # prior parameters for 1/sigma_1-2
PEM.ab2 <- c(0.7, 0.7) # prior parameters for 1/sigma_2"2
PEM.ab3 <- ¢(0.7, 0.7) # prior parameters for 1/sigma_3"2
PEM.alphal <- 10 # prior parameters for K1

PEM.alpha2 <- 10 # prior parameters for K2

PEM.alpha3 <- 10 # prior parameters for K3

hyperParams <- list(theta=theta,

PEM=1ist (PEM.ab1=PEM.abl, PEM.ab2=PEM.ab2, PEM.ab3=PEM.ab3,

#Hi#t
numReps <- 2000
thin <- 10

burninPerc <- 0.25

PEM.alphal=PEM.alphal, PEM.alpha2=PEM.alpha2, PEM.alpha3=PEM.alpha3))

mhProp_theta_var <- 0.05

Cg

delPertg

<- ¢(0.2, 0.2, 0.2)
<- ¢(0.5, 0.5, 0.5)

rj.scheme <- 1

Kg_max <- ¢(50, 50, 50)

sg_max <- c(max(scrData$timel[scrData$eventl == 1]),
max (scrData$time2[scrData$eventl == 0 & scrData$event2 == 1]),
max (scrData$time2[scrData$eventl == 1 & scrData$event2 == 1]))

time_lambdal <- seq(l, sg_max[1], 1)
time_lambda2 <- seq(l, sg_max[2], 1)
time_lambda3 <- seq(l, sg_max[3], 1)

nGam_save <- 0

mcmc . PEM <- list(run=list(numReps=numReps, thin=thin, burninPerc=burninPerc),
storage=list (nGam_save=nGam_save),
tuning=list (mhProp_theta_var=mhProp_theta_var,

##

Cg=Cg, delPertg=delPertg,

rj.scheme=rj.scheme, Kg_max=Kg_max, sg_max=sg_max,
time_lambdal=time_lambdal, time_lambda2=time_lambda2,
time_lambda3=time_lambda3))

myModel <- c("semi-Markov", "PEM")
myPath <- "Output/02-Results-PEM/"
startValues <- initiate.startValues_HReg(form, scrData, model=myModel, nChain=2)

##

fit_PEM <- BayesID_HReg(form, scrData, id=NULL, model=myModel,
hyperParams, startValues, mcmc.PEM, path=myPath)

fit_PEM

summ.fit_PEM <- summary(fit_PEM); names(summ.fit_PEM)

summ. fit_PEM

pred_PEM <- predict(fit_PEM)
plot (pred_PEM, plot.est="Haz")
plot(pred_PEM, plot.est="Surv")

3See Section A in Supplemental Material to Lee et al. (2015)



9. BayesID_AFT to analyze independent semi-competing risks data using an illness-death model with log-Normal baseline survival distribution

Definition of the survival model
Let t;1, tio denote time to non-terminal and terminal event from subject i = 1, ..., n. The independent semi-competing risks data are assumed to arise
from an illness-death model system with transitions that are modeled through the following three hazard functions:

log(tin) = x,p1+vyi+ein, ta >0,
log(ti2) = xjoB2+vi+eia, tiz>0,
log(tia — ti1) = x;P3+yi+es, tia> b,

where y; is a study participant-specific random effect, x;4 is a vector of transition-specific covariates, 5 is a corresponding vector of transition-specific
regression parameters, and ;4 is a transition-specific random variable whose distribution determines that of the corresponding transition time, g € {1, 2, 3}.
In the presence of interval censoring, the times-to-event for the it subject satisfy cij < ti1 < c¢ij1 for some j and c;p < ti2 < cjp41 for some k. Let
{cij, Cij+1s Ciks Cik+1» Lis Xi1, Xi2, x;3} denote independent observations, where L; is the left-truncation time.

For the parametric AFT illness-death model, we build on the log-Normal formulation and take the €;4 to follow independent Normal(ug, 092)
distributions, g=1,2,3. In the Bayesian framework, priors must be specified for the unknown parameters. The following specifications are made

7(Bg> pg) < 1,
0'92 ~ inverse — Gamma(a(,g, bag),
Yil@ ~ Normal(0, 9),
07! ~ inverse — Gammal(ag, bg).
Hyperparameters
The hyperparameters ac, and bgg must be specified for the prior of o2, as well as ag and bg, the rate and shape of the inverse-Gamma distributed
hyperprior for 6.
Arguments to specify
Model-related

Formula a Formula object that corresponds to hy, for g € {1, 2, 3}: Lly1L + y1uly2r + ya2u ~ x1|x2|x3.
data an (n x q)-dimensional data.frame; the g-columns correspond to g covariate vectors named in the formula in Formula.
Hyperparameters

theta a 2-vector of positive hyperparameters ag and bg for the hyperprior 6.

LN.abl a 2-vector of positive hyperparameters a,, and bs, which represent the shape and rate of the inverse-Gamma prior
for 012. Example: LN..abl <- ¢(0.3,0.3).

LN.ab2 a 2-vector of positive hyperparameters as, and bs, which represent the shape and rate of the inverse-Gamma prior
for 022, Example: LN..ab2 <- ¢(0.3,0.3).

LN.ab3 a 2-vector of positive hyperparameters as, and bs,; which represent the shape and rate of the inverse-Gamma prior

for Ug. Example: LN..ab3 <- ¢(0.3,0.3).
MCMC Settings

numReps total number of scans

thin extent of thinning, e.g. if thin=10 retain every 10" sample.

burninPerc the proportion of burn-in (samples to be discarded before analyzing the data).

betag.prop.var the parameter f; is updated using a Metropolis-Hastings random walk step generating proposals from a Normal
distribution with variance betag.prop.var.

gamma.prop.var the parameter y is updated using a Metropolis-Hastings random walk step generating proposals from a Normal distri-
bution with variance gamma.prop.var.

mug.prop.var the parameter p; is updated using a Metropolis-Hastings random walk step generating proposals from a Normal
distribution with variance mug.prop.var.

zetag.prop.var the parameter {4, = 1/092 is updated using a Metropolis-Hastings random walk step generating proposals from a

log-Normal distribution with variance zetag.prop.var.

Starting Values
startValues use initiate.startValues_AFT(Formula, data, model, nChain) which initiates all necessary starting values. Users
may set non-null starting values for any of the following: betal, beta2, beta3, gamma, theta, y1, y2, LN.mu, LN.sigSq.

Storage
nGam_save the number of y to be stored
nY1l_save the number of log(#1) to be stored
nY2_save the number of log(#2) to be stored
nY1.NA_save the number of 1 {#; > t2} to be stored

path name of the directory where results are stored. Can leave unspecified.




Implementation

data(scrData)

scrData$yll <- scrData$ylU <- scrDatal,1]
scrData$y1U[which(scrDatal[,2] == 0)] <- Inf
scrData$y2Ll <- scrData$y2U <- scrDatal,3]
scrData$y2U[which(scrData[,4] == 0)] <- Inf
scrData$LT <- rep(0, dim(scrData)[1])

form <- Formula(LT | yiL + yiU | y2L + y2U ~ x1 + x2 + x3 | x1 + x2 | x1 + x2)
##

theta.ab <- c(0.5, 0.05)

LN.abl <- c(0.3, 0.3)

LN.ab2 <- c(0.3, 0.3)

LN.ab3 <- c(0.3, 0.3)

hyperParams <- list(theta=theta.ab,
LN=1list(LN.ab1=LN.abl, LN.ab2=LN.ab2, LN.ab3=LN.ab3))

#Hi#
numReps <- 300
thin <- '3

burninPerc <- 0.5

nGam_save <- 10

nY1l_save <- 10

nY2_save <- 10

nY1l.NA_save <- 10

betag.prop.var <- ¢(0.01,0.01,0.01)

mug.prop.var <- ¢(0.1,0.1,0.1)

zetag.prop.var <- ¢(0.1,0.1,0.1)

gamma.prop.var <- 0.01

mcmcParams <- list(run=list(numReps=numReps, thin=thin, burninPerc=burninPerc),
storage=list (nGam_save=nGam_save, nY1l_save=nY1l_save, nY2_save=nY2_save, nY1l.NA_save=nY1.NA_save),
tuning=list(betag.prop.var=betag.prop.var, mug.prop.var=mug.prop.var,zetag.prop.var=zetag.prop.var,
gamma . prop.var=gamma.prop.var))

##

myModel <- "LN"

myPath <- "Output/O1-Results-LN/"

startValues <- initiate.startValues_AFT(form, scrData, model=myModel, nChain=2)
##

fit_LN <- BayesID_AFT(form, scrData, model=myModel, hyperParams,

startValues, mcmcParams, path=myPath)

summary (fit_LN)

pred_LN <- predict(fit_LN, time = seq(0, 35, 1), tseg=seq(from=0, to=30, by=5))
plot(pred_LN, plot.est="Haz")

plot(pred_LN, plot.est="Surv")



10. BayesID_AFT to analyze independent semi-competing risks data using an illness-death model with DPM baseline survival distribution

Definition of the survival model
Let t;1, tio denote time to non-terminal and terminal event from subject i = 1, ..., n. The independent semi-competing risks data are assumed to arise
from an illness-death model system with transitions that are modeled through the following three hazard functions:

log(tin) = x,p1+vyi+ein, ta >0,
log(ti2) = xjoB2+vi+eia, tiz>0,
log(tia — ti1) = x;P3+yi+es, tia> b,

where y; is a study participant-specific random effect, x;4 is a vector of transition-specific covariates, 5 is a corresponding vector of transition-specific
regression parameters, and ;4 is a transition-specific random variable whose distribution determines that of the corresponding transition time, g € {1, 2, 3}.
In the presence of interval censoring, the times-to-event for the it subject satisfy cij < ti1 < c¢ij1 for some j and c;p < ti2 < cjp41 for some k. Let
{cij, Cij+1s Ciks Cik+1» Lis Xi1, Xi2, x;3} denote independent observations, where L; is the left-truncation time.

For our semi-parametric AFT illness-death model, €;4 is assumed to be taken as draws from the independent DPM of normal distributions:

€iglri ~ Normal(py,, O'r2i N
(Hgr ogzr) ~Ggo, forr=1,..., Mg,
rilpg ~ Discrete(ri|pg1, - - - ,ngg),
pg ~ Dirichlet(ry/Myg, . .., 74/Mg).

In the Bayesian framework, priors must be specified for the unknown parameters. We take the G40 as a normal distribution centered at pgo with a

variance crgQO for pgr and an IG(aUg7 bag) for 592,. For regression parameters {f1, f2, f3}, we adopt non-informative flat priors on the real line. For
Y, we assume that each y; is an independent random draw from a Normal(0, €) distribution. In the absence of prior knowledge on the variance com-

ponent 6, we adopt a conjugate inverse-Gamma hyperprior, IG(ag, bg). Finally, we specify a Gamma(afg7 ng) hyperprior for the precision parameter 7.

Hyperparameters
ag, bg : the shape and rate of inverse-Gamma prior for 6
Hg0, 0920, Aoy, bgg : hyperparameters for G40
Az, by, shape and rate of Gamma hyperprior for 7,

Arguments to specify
Model-related

Formula a Formula object that corresponds to hy, for g € {1, 2, 3}: Lly1L + y1uly2r + y2u ~ x1|x2|x3.
data an (n x g)-dimensional data.frame; the g-columns correspond to g covariate vectors named in the formula in Formula.
Hyperparameters

theta a 2-vector of positive hyperparameters ag and bg for the hyperprior 6.

DPM.mul a hyperparameter puig

DPM.mu2 a hyperparameter pog

DPM.mu3 a hyperparameter pusg

DPM.sigSql a hyperparameter 020

DPM.sigSq2 a hyperparameter o5,

DPM.sigSq3 a hyperparameter o3,

DPM.ab1l a 2-vector of positive hyperparameters aq,, boy

DPM. ab2 a 2-vector of positive hyperparameters ag,, boy

DPM.ab3 a 2-vector of positive hyperparameters ag;, boy

Tau.abl a 2-vector of positive hyperparameters a,,, b,

Tau.ab2 a 2-vector of positive hyperparameters a,, br,

Tau.ab3 a 2-vector of positive hyperparameters a,,;, br,

MCMC Settings

numReps total number of scans

thin extent of thinning, e.g. if thin=10 retain every 10t" sample.

burninPerc the proportion of burn-in (samples to be discarded before analyzing the data).

betag.prop.var the parameter f,; is updated using a Metropolis-Hastings random walk step generating proposals from a Normal
distribution with variance betag.prop.var.

gamma.prop.var the parameter y is updated using a Metropolis-Hastings random walk step generating proposals from a Normal distri-
bution with variance gamma.prop.var.

mug.prop.var the parameter ug, is updated using a Metropolis-Hastings random walk step generating proposals from a Normal
distribution with variance mug.prop.var.

zetag.prop.var the parameter {4, = 1/0'g2, is updated using a Metropolis-Hastings random walk step generating proposals from a

log-Normal distribution with variance zetag.prop.var.

Starting Values
startValues use initiate.startValues_AFT(Formula, data, model, nChain) which initiates all necessary starting values. Users
may set non-null starting values for any of the following: betal, beta2, beta3, gamma, theta, yl1, y2, DPM.classl,
DPM.class2, DPM.class3, DPM.mul, DPM.mu2, DPM.mu3, DPM.zetal, DPM.zeta2, DPM.zeta3, DPM.tau.

Storage
nGam_save the number of y to be stored
nY1l_save the number of log(#1) to be stored
nY2_save the number of log(z2) to be stored
nY1.NA_save the number of 1 {#; > t2} to be stored

path name of the directory where results are stored. Can leave unspecified.




Implementation

data(scrData)

scrData$yll <- scrData$ylU <- scrDatal,1]

scrData$y1U[which(scrDatal[,2] == 0)] <- Inf

scrData$y2Ll <- scrData$y2U <- scrDatal,3]

scrData$y2U[which(scrData[,4] == 0)] <- Inf

scrData$LT <- rep(0, dim(scrData)[1])

form <- Formula(LT | yiL + yiU | y2L + y2U ~ x1 + x2 + x3 | x1 + x2 | x1 + x2)
##

theta.ab <- c(0.5, 0.05)

##

DPM.mul <- log(12)

DPM.mu2 <- log(12)

DPM.mu3 <- log(12)

DPM.sigSql <- 100

DPM.sigSq2 <- 100

DPM.sigSq3 <- 100

DPM.abl <- c¢(2, 1)

DPM.ab2 <- c(2, 1)

DPM.ab3 <- c¢(2, 1)

Tau.abl <- c(1.5, 0.0125)

Tau.ab2 <- c(1.5, 0.0125)

Tau.ab3 <- c(1.5, 0.0125)

hyperParams <- list(theta=theta.ab,

DPM=1ist (DPM.mul=DPM.mul, DPM.mu2=DPM.mu2, DPM.mu3=DPM.mu3, DPM.sigSq1=DPM.sigSql,
DPM.sigSq2=DPM.sigSq2, DPM.sigSq3=DPM.sigSq3, DPM.abl=DPM.abl, DPM.ab2=DPM.ab2,
DPM.ab3=DPM.ab3, Tau.abl=Tau.abl, Tau.ab2=Tau.ab2, Tau.ab3=Tau.ab3))

##
numReps <- 300
thin <- 3

burninPerc <- 0.5

nGam_save <- 10

nY1l_save <- 10

nY2_save <- 10

nY1.NA_save <- 10

betag.prop.var <- ¢(0.01,0.01,0.01)

mug.prop.var <- ¢(0.1,0.1,0.1)

zetag.prop.var <- c¢(0.1,0.1,0.1)

gamma.prop.var <- 0.01

mcmcParams <- list(run=list(numReps=numReps, thin=thin, burninPerc=burninPerc),
storage=1list (nGam_save=nGam_save, nY1l_save=nY1_save, nY2_save=nY2_save, nY1l.NA_save=nY1.NA_save),
tuning=list (betag.prop.var=betag.prop.var, mug.prop.var=mug.prop.var,
zetag.prop.var=zetag.prop.var, gamma.prop.var=gamma.prop.var))

##

myModel <- "DPM"

myPath <- "Output/02-Results-DPM/"

startValues <- initiate.startValues_AFT(form, scrData, model=myModel, nChain=2)
##

fit_DPM <- BayesID_AFT(form, scrData, model=myModel, hyperParams,

startValues, mcmcParams, path=myPath)

summary (£it_DPM) ;

pred_DPM <- predict(fit_DPM, time = seq(0, 35, 1), tseg=seq(from=0, to=30, by=5))
plot(pred_DPM, plot.est="Haz")

plot(pred_DPM, plot.est="Surv")



11. BayesID_HReg to analyze cluster-correlated semi-competing risks data using an illness-death model with Weibull baseline hazards

Definition of the survival model
Let tj;1 and t;;2 denote the time to nonterminal event and terminal event from subject i = 1, ..., njincluster j = 1, ..., J, subject to right censoring at time

cji- Let (yji1, yji2, 8ji1, dji2, xji) denote independent observations, where yj;1; = min (tj,-l, tjio, cji), Sji1 =1 {tﬁl < min (tjiz, cj,-)}, yji2 = min (tjig, cj,-),
Sjiz=1 {tﬁz < Cji}, and xj; is a vector of covariates for individual i. The independent semi-competing risks data are assumed to arise from an illness-death
model system with transitions that are modeled through the following three hazard functions:

h1(tji1lyji> Xji1, Vi1) = yjiho1(tji1) exp (XJ-T,-lﬁl + le), tji1 > 0, 9)
ha(tjizlyji> xji2, Vi2) = yjiho2(tji2) exp (x_;'l;'gﬁQ + Vj2), tjia > 0, (10)
h3(tjizltjit, vji Xjis, Viz) = yjihos(tji2) exp (x;3ﬁ3 + ng), tji2 > 0, (11)

where yj; is a subject-specific frailty, V; = (Vj1, Vj2, Vj3) is a vector of cluster-specific random effects, andxj;1, xj;2 and xj;3 which are subsets of x; are
vectors of covariates. The baseline hazard functions are defined parametrically by Weibull hazards of the form ho4(t) = a4 tho’g_l, for g € {1, 2,3}. The
baseline hazard function ho3 is assumed to be Markov with respect to ¢j;1; we will refer to the set of conditional hazard functions in @— as the
Markov model. Alternatively, we consider modeling hs as follows:

h3(tjiz|tjit, Yii> Xjiz» Viz) = yjihos(tjiz — tji1) exp (Xj-Ti3ﬁ3 + Vjs) 0 < tji1 < tjia. (12)

We will refer to the set of conditional hazard functions in @, 10) and (12)) as the semi-Markov model.
In the Bayesian framework, priors must be specified for the regression parameter, 4, the shape and scale parameters of baseline hazard function, ay4
and k4, and the frailty parameter, y;;, respectively, for g € {1, 2, 3}. The following specifications are made

7(Bg) o< 1,
ag ~ Gamma(ag, by),
kg ~ Gammal(cy, dg),
yjil0 ~ Gamma(@“l, 9_1),
ot~ Gamma(y, w).

We provide two possible prior specifications for the cluster-specific random effects below.

Vi~ MVN(Q.Zy). Vilm;  ~  MVN(im;. Sm)).
Sy ~ Inverse— Wishart(¥y, po)- (EmsZm) ~ Go, for m=1,...M,
mjlp ~ Discrete(mjl|p1, ..., pnm),

p ~ Dirichlet(t/M, ..., 7t/M),
t ~ Gamma(az, b;).

In the first column, the individual specific-random effects are assumed to be id MVN(O, Zy). In the second column, the cluster-specific random effects
are drawn from a mixture of M multivariate normal distributions each with mean vector and covariance matrix (g, £,,) which are distributed as a
multivariate Normal/Inverse-Wishart (NIW), denoted by Go; we refer to this as the Dirichlet process mixture (DPM) prior. The probability density of
Gy is defined by the product

fNrw (s 2%, po) = fmvN (110, Z) X finv-wish (Z1%0, po)-

Hyperparameters
ag, by :  shape and rate of Gamma prior for a4 for g € {1, 2, 3}
¢4, dg : shape and rate of Gamma prior for x4 for g € {1, 2, 3}
. the shape of Gamma prior for 6!
w :  the rate of Gamma prior for 6!
Yo, po : shape and scale of Inverse-Wishart component of the prior distribution, Go, of (tm, m) (DPM prior)
ar, by : shape and rate of Gamma hyperprior for r (DPM prior)

Arguments to specify
Model-related

Formula a Formula object that corresponds to hy, for g € {1, 2, 3}: y1 + &1ly2 + 62 ~ x1|x2|x3.

data an (nxq)-dimensional data.frame; the g-columns correspond to g covariate vectors named in the formula in Formula.

model c("Markov","Weibull") for Markov definition of k3 in ; c("semi-Markov","Weibull") for semi-Markov defini-
tion of hg in .

id an n-vector of cluster information where cluster membership corresponds to one of the positive integers 1, ..., J.

Hyperparameters

WB.abl a 2-vector of positive hyperparameters a; and b; of the prior distribution for the shape parameter a; of the Weibull
baseline hazard. Example: WB.abl <- c(0.5, 0.01).

WB.ab2 a 2-vector of positive hyperparameters as and by of the prior for as.

WB.ab3 a 2-vector of positive hyperparameters ag and bs of the prior for as.

WB.cdl a 2-vector of positive hyperparameters c; and d; of the prior distribution for the scale parameter k; of the Weibull
baseline hazard. Example: WB.cdl <- ¢(0.5, 0.05).

WB.cd2 a 2-vector of positive hyperparameters co and ds of the prior for ka.

WB.cd3 a 2-vector of positive hyperparameters c3 and ds of the prior for k3.

theta a 2-vector of positive hyperparameters ¥ and w for the hyperprior 6.

MVN prior for Vj;
Psi_v a positive-definite scale matrix of the Inverse-Wishart prior for the cluster random effects, V;; . Example:

Psi_v <- diag(1,3).
rho_v the degrees of freedom of the Inverse-Wishart prior for Vj;. Example: rho_v <- 100.



DPM prior for Vj;

PsiO
rhoO
aTau
bTau

MCMC Settings

numReps

thin

burninPerc
mhProp_theta_var

mhProp_alphag_var

mhProp_Vg_var

Starting Values

a positive-definite scale matrix of the Inverse-Wishart component of Gg. Example: Psi0 <- diag(1,3).
the degrees of freedom of the Inverse-Wishart component of Gy. Example: rho0 <- 10.

a positive-valued hyperparameter corresponding to the shape parameter, a,, of the Gamma prior of 7.
a positive-valued hyperparameter corresponding to the rate parameter, b,, of the Gamma prior of 7.

total number of scans

extent of thinning, e.g. if thin=10 retain every 10" sample.

the proportion of burn-in (samples to be discarded before analyzing the data).

the parameter 6 is updated using a Metropolis-Hastings random walk step generating proposals from a Gamma
distribution with variance mhProp_theta_var.

a 3-vector which specifies the variances of the three random walk Metropolis-Hastings Gamma proposal distributions
corresponding to a1, @2, a3.

a 3-vector which specifies the variances of the three random walk Metropolis-Hastings proposals from normal
distributions with the same variance mhProp_Vg_var.

startValues use initiate.startValues_HReg(Formula, data, model, id, nChain) which initiates all necessary starting val-
ues. Users may set non-null starting values for: betal, beta2, beta3, theta, WB.alpha, WB.kappa, gamma.ji,
V.j1, V.j2, V.j3, MVN.SigmaV, DPM.tau, DPM.class.
Storage
path name of the directory where results are stored. Can leave unspecified.
nGam_save the number of y to be stored.
storeV a 3-vector of TRUE/FALSE logical constants indicating storage of Vj; values for g = 1,2,3. Example: storeV <-
rep(TRUE, 3).
Implementation
data(scrData)

id=scrData$cluster

form <- Formula(timel + eventl

##

WB.
WB.
WB.
WB.
WB.
WB.

abl
ab2
ab3
cd1l
cd2
cd3

theta
Psi_v
rho_v
PsiO

rhoO

aTau

bTau

hyperParams.WB.MVN <- list(theta=theta,

WB=1list(WB.ab1=WB.abl, WB.ab2=WB.ab2, WB.ab3=WB.ab3,

<- ¢(0.5, 0.01)
<- ¢(0.5, 0.01)
<- ¢(0.5, 0.01)
<~ ¢(0.5, 0.05)
<- ¢(0.5, 0.05)
<- ¢(0.5, 0.05)

| time2 + event2 ~ x1 + x2 + x3 | x1 + x2 | x1 + x2)

<- ¢(0.7, 0.7) # prior params for 1/theta
<- diag(1, 3) # MVN cluster-specific random effects

<- diag(1l, 3) # DPM cluster-specific random effects

<- 100
<- 10
<- 1.5
<- 0.0125

WB.cd1=WB.cdl, WB.cd2=WB.cd2, WB.cd3=WB.cd3),
MVN=1ist (Psi_v=Psi_v, rho_v=rho_v))

hyperParams.WB.DPM <- list(theta=theta,
WB=1ist (WB.ab1=WB.abl, WB.ab2=WB.ab2, WB.ab3=WB.ab3,

##

numReps <- 2000
thin
burninPerc <- 0.25

mhProp_theta_var <- 0.05

<- 10

WB.cd1=WB.cdl, WB.cd2=WB.cd2, WB.cd3=WB.cd3),
DPM=1ist (Psi0=Psi0O, rhoO=rho0, aTau=aTau, bTau=bTau))

mhProp_alphag_var <- c¢(0.01, 0.01, 0.01)

mhProp_Vg_var

nGam_save <- 0
storeV

mcmc . WB

##

<- rep(TRUE, 3)
<- list(run=list(numReps=numReps, thin=thin, burninPerc=burninPerc),

<- ¢(0.05, 0.05, 0.05)

storage=1list (nGam_save=nGam_save, storeV=storeV),
tuning=list (mhProp_theta_var=mhProp_theta_var, mhProp_alphag_var=mhProp_alphag_var,
mhProp_Vg_var =mhProp_Vg_var))

Sigma_V <- diag(0.1, 3)
Sigma_V[1,2] <- Sigma_V[2,1] <- -0.05
Sigma_V[1,3] <- Sigma_V[3,1] <- -0.06
Sigma_V[2,3] <- Sigma_V[3,2] <- 0.07

##

myModel <- c("semi-Markov", "Weibull", "MVN")

myPath

startValues

##

<- "Qutput/03-Results-WB_MVN/ "

<- initiate.startValues_HReg(form, scrData, model=myModel, id, nChain=2)



fit_WB_MVN <- BayesID_HReg(form, scrData, id, model=myModel,
hyperParams.WB.MVN, startValues, mcmc.WB, path=myPath)

fit_WB_MVN

summ.fit_WB_MVN <- summary(fit_WB_MVN); names(summ.fit_WB_MVN)

summ.fit_WB_MVN

pred_WB_MVN <- predict(fit_WB_MVN, tseq=seq(from=0, to=30, by=5))

plot(pred_WB_MVN, plot.est="Haz")

plot (pred_WB_MVN, plot.est="Surv")

##

myModel <- c("semi-Markov", "Weibull", "DPM")

myPath <- "QOutput/04-Results-WB_DPM/"

startValues <- initiate.startValues_HReg(form, scrData, model=myModel, id, nChain=2)

fit_WB_DPM <- BayesID_HReg(form, scrData, id, model=myModel,
hyperParams.WB.DPM, startValues, mcmc.WB, path=myPath)

fit_WB_DPM

summ.fit_WB_DPM <- summary(fit_WB_DPM); names (summ.fit_WB_DPM)

summ.fit_WB_DPM

pred_WB_DPM <- predict(fit_WB_MVN, tseq=seq(from=0, to=30, by=5))

plot(pred_WB_DPM, plot.est="Haz")

plot (pred_WB_DPM, plot.est="Surv")



12. BayesID_HReg to analyze cluster-correlated semi-competing risks data using an illness-death model with PEM baseline hazards

Definition of the survival model
Let tj;1 and t;;2 denote the time to nonterminal event and terminal event from subject i = 1, ..., njincluster j = 1, ..., J, subject to right censoring at time

cji- Let (yji1, yji2, 8ji1, dji2, xji) denote independent observations, where yj;1; = min (tj,-l, tjio, cji), Sji1 =1 {tﬁl < min (tjiz, cj,-)}, yji2 = min (tjig, cj,-),
Sjiz=1 {tﬁz < Cji}, and xj; is a vector of covariates for individual i. The independent semi-competing risks data are assumed to arise from an illness-death
model system with transitions that are modeled through the following three hazard functions:

hi(tji1lyji> xji1, Vi1) = yjiho1(tji1) exp (X;-—,-lﬁl + le) , tji1 >0, (13)
ha(tjizlyji> xji2, Vi2) = yjiho2(tji2) exp (ijiQﬁ2 + Vj2), tjiz2 > 0, (14)
h3(tji2ltji1, ¥ji> Xji3, Vj3) = yjiho3(tji2) exp (ijigﬁs + ng), tji2 > 0, (15)

where yj; is a subject-specific frailty, V; = (Vj1, Vj2, Vj3) is a vector of cluster-specific random effects, andxj;1, xj;2 and xj;3 which are subsets of x; are
vectors of covariates. The baseline hazard hg is defined non-parametrically by a mixture of piecewise exponential functions as follows

K+1

Ao(t) =Tog ho(t) = > Akl {t € (sk-1, sl}s
k=1

where Aj is constant and the time interval between 0 and the largest observed failure time, denoted si, is partitioned into K + 1 disjoint intervals:
0 < s1 < -+ < sg+1.- The baseline hazard function hg3 is assumed to be Markov with respect to t;1; we will refer to the set of conditional hazard
functions in @D— as the Markov model. Alternatively, we consider modeling h3 as follows:

hs(tji2ltjit, yii Xjis, Vi3) = yjihos(tjiz — tji1) exp (x;-r,-gﬁs + VjS) , 0 < tji1 < tjio. (16)
We will refer to the set of conditional hazard functions in @, 10) and (12) as the semi-Markov model.
In the Bayesian framework, priors must be specified for the regression parameter, f, the number of intervals, K, the partition points (s, - . ., Sk+1),
and the frailty, y;;, respectively. The following specifications are made
() o< 1,

MK, pp, 03 ~ MV Nk (a1, 6325)

K ~ Poisson(a),
(2K + DU TTRA sk = sk-1)
(2K+1) >

7(s|K) o< (5ka1)
K+1

(pp) o« 1,
0'/{2 ~ Gamma(a, b),
vjil0 ~ Gamma(671, 071),
07t~ Gamma(y, w).
The prior specification for A follows a MVN-ICAR (see Supplemental Material to Lee, Haneuse, Schrag and Dominici, 2015). Note that K and s jointly

form a time-homogeneous Poisson process prior for the partition.
‘We provide two possible prior specifications for the cluster-specific random effects below.

Vi ~ MVN(0,Zy), Vilmj ~ MVN(im,. Zm)).
Yy ~ Inverse— Wishart(¥Yy, po)- (Um>2m) ~ Go, for m=1,...M,
mjlp ~ Discrete(m;jlp1, ..., pam)

p ~ Dirichlet(z/M, ..., /M),
t ~ Gamma(az, b;).
In the first column, the individual specific-random effects are assumed to be id MVN(O0, Zy). In the second column, the cluster-specific random effects
are drawn from a mixture of M multivariate normal distributions each with mean vector and covariance matrix (g, ) which are distributed as a
multivariate Normal/Inverse-Wishart (NIW), denoted by Gp; we refer to this as the Dirichlet process mixture (DPM) prior. The probability density of
Gy is defined by the product
Sfnrw (s Z1%0, po) = fuvn (110, Z) X finv-wish (210, po)-

Hyperparameters
a :  parameter corresponding to the Poisson prior of K
a, b :  shape and rate of Gamma prior for 0';2
14 :  the shape of Gamma prior for 971
w :  the rate of Gamma prior for 6!
Yo, po : shape and scale of Inverse-Wishart component of the prior distribution, Go, of (tm, m) (DPM prior)
ar, by : shape and rate of Gamma hyperprior for r (DPM prior)

Arguments to specify

Model-related
Formula a Formula object that corresponds to hy, for g € {1, 2, 3}: y1 + &1ly2 + 62 ~ x1|x2|x3.
data an (n X g)-dimensional data.frame; the g-columns correspond to g covariate vectors named in the formula in Formula.
model c("Markov","PEM") for Markov definition of h3 in ; c("semi-Markov","PEM") for semi-Markov definition of hg in

2.

id an n-vector of cluster information where cluster membership corresponds to one of the positive integers 1, ..., J.




Hyperparameters

PEM.ab1l a 2-vector of positive hyperparameters a; and b; which represent the shape and rate of the Gamma prior for 01,21.
Example: PEM.abl <- ¢(0.7,0.7).

PEM. ab2 a 2-vector of positive hyperparameters a and b of the prior distribution for 0'/{22.

PEM. ab3 a 2-vector of positive hyperparameters a and b of the prior distribution for a/{%

PEM.alphal hyperparameter a of the prior distribution for Ki, which is one less than the number of partition points.

PEM. alpha2 hyperparameter a of the prior distribution for Ko, which is one less than the number of partition points.

PEM.alpha3 hyperparameter a of the prior distribution for K3, which is one less than the number of partition points.

theta a 2-vector of positive hyperparameters ¥ and « for the hyperprior 6.

MVN prior for Vj;

Psi_v a positive-definite scale matrix of the Inverse-Wishart prior for the cluster random effects, V;; .
Example: Psi_v <- diag(1,3).
rho_v the degrees of freedom of the Inverse-Wishart prior for Vj;. Example: rho_v <- 100.

DPM prior for Vj;

Psi0 a positive-definite scale matrix of the Inverse-Wishart component of Gg. Example: Psi0 <- diag(1,3).

rho0 the degrees of freedom of the Inverse-Wishart component of Gg. Example: rho0 <- 10.

aTau a positive-valued hyperparameter corresponding to the shape parameter, a,, of the Gamma prior of 7.

bTau a positive-valued hyperparameter corresponding to the rate parameter, b;, of the Gamma prior of 7.
MCMC Settings

numReps total number of scans

thin extent of thinning, e.g. if thin=10 retain every 10" sample.

burninPerc the proportion of burn-in (samples to be discarded before analyzing the data).

mhProp_theta_var the parameter 6 is updated using a Metropolis-Hastings random walk step generating proposals from a Gamma

distribution with variance mhProp_theta_var.

3-vector which specifies the variances of the three random walk Metropolis-Hastings proposals from normal distributions

with the same variance mhProp_Vg_var.

Cg a 3-vector for the proportion that determines the sum of probabilities choosing the birth and death moves for each of
the baseline hazards, hog4, for g € {1, 2, 3}.

mhProp_Vg_var

delPertg a 3-vector for the perturbation parameter in the birth updates for all three baseline hazard functions; values must be
between 0 and 0.5.%

rj.scheme rj.scheme=1: the birth update will draw the proposal time split from 1 : s;4x; rj.scheme=2: the birth update will
draw the proposal time split from uniquely ordered failure times in the data.

Kg_max a 3-vector for the number of splits allowed in each iteration of the Metropolis-Hastings-Green algorithm for the three
baseline hazard functions.

sg_max the largest observed failure time, given by

sg_max <- c( max(data$timel[data$eventi==1]),
max(data$time2[data$event1==0 & data$event2==1]),
max(data$time2[data$eventi==1] & data$event2==1]))
time points at which the A; is monitored for convergence. Example: time_lambdal <- seq(l, sg_max[1], 1). The
chains for these monitoring points can be found in lambda.fin in the chains of the BayesID_HReg object.
time points at which the Ay is monitored for convergence. Example: time_lambda2 <- seq(l, sg_max[2], 1).
time points at which the A3 is monitored for convergence. Example: time_lambda3 <- seq(l, sg_max[3], 1).

time_lambdal

time_lambda2
time_lambda3

Starting Values

startValues use initiate.startValues_HReg(Formula, data, model, id, nChain) which initiates all necessary starting values.
Users may set non-null starting values for any of the following: betal, beta2, beta3, gamma.ji, theta, V.j1, V.j2,
V.j3, MVN.SigmaV, DPM.tau, DPM.class.
Storage
path name of the directory where results are stored. Can leave unspecified.
nGam_save the number of y to be stored.
storeV a 3-vector of TRUE/FALSE logical constants indicating storage of Vj; values for g = 1,2,3. Example: storeV <-
rep(TRUE, 3).
Implementation
data(scrData)

id=scrData$cluster

form <- Formula(timel + eventl | time2 + event2 ~ x1 + x2 + x3 | x1 + x2 | x1 + x2)
##

theta <- ¢(0.7, 0.7)

PEM.abl <- ¢(0.7, 0.7) # prior parameters for 1/sigma_1"2
PEM.ab2 <- c(0.7, 0.7) # prior parameters for 1/sigma_2"2
PEM.ab3 <- ¢(0.7, 0.7) # prior parameters for 1/sigma_3"2
PEM.alphal <- 10 # prior parameters for Ki

PEM.alpha2 <- 10 # prior parameters for K2

PEM.alpha3 <- 10 # prior parameters for K3

Psi_v <- diag(l, 3) # MVN cluster-specific random effects

rho_v <- 100
Psi0 <- diag(1l, 3) # DPM cluster-specific random effects
rho0 <- 10

aTau <- 1.5
bTau <- 0.0125

4See Section A in Supplemental Material to Lee et al. (2015)



hyperParams.PEM.MVN <- list(theta=theta,
PEM=1ist (PEM.ab1=PEM.abl, PEM.ab2=PEM.ab2, PEM.ab3=PEM.ab3,
PEM.alphal=PEM.alphal, PEM.alpha2=PEM.alpha2, PEM.alpha3=PEM.alpha3),
MVN=1list(Psi_v=Psi_v, rho_v=rho_v))
hyperParams.PEM.DPM <- list(theta=theta,
PEM=1ist (PEM.ab1=PEM.abl, PEM.ab2=PEM.ab2, PEM.ab3=PEM.ab3,
PEM.alphal=PEM.alphal, PEM.alpha2=PEM.alpha2, PEM.alpha3=PEM.alpha3),
DPM=1ist (Psi0=Psi0, rhoO=rho0, aTau=aTau, bTau=bTau))

##
numReps <- 2000
thin <- 10

burninPerc <- 0.25

mhProp_theta_var <- 0.05

mhProp_Vg_var <- ¢(0.05, 0.05, 0.05)
Cg <- ¢(0.2, 0.2, 0.2)

delPertg <- c¢(0.5, 0.5, 0.5)

rj.scheme <- 1

Kg_max <- ¢(50, 50, 50)

sg_max <- c(max(scrData$timel[scrData$eventl == 1]),
max (scrData$time2[scrData$eventl == 0 & scrData$event2 == 1]),
max (scrData$time2[scrData$eventl == 1 & scrData$event2 == 1]))

time_lambdal <- seq(l, sg_max[1], 1)

time_lambda2 <- seq(l, sg_max[2], 1)

time_lambda3 <- seq(1l, sg_max[3], 1)

nGam_save <- 0

storeV <- rep(TRUE, 3)

mcmec.PEM <- list(run=list(numReps=numReps, thin=thin, burninPerc=burninPerc),

storage=1list (nGam_save=nGam_save, storeV=storeV),
tuning=list (mhProp_theta_var=mhProp_theta_var, mhProp_Vg_var=mhProp_Vg_var,

Cg=Cg, delPertg=delPertg,
rj.scheme=rj.scheme, Kg_max=Kg_max, sg_max=sg_max,
time_lambdal=time_lambdal, time_lambda2=time_lambda2,
time_lambda3=time_lambda3))

#it

Sigma_V <- diag(0.1, 3)

Sigma_V[1,2] <- Sigma_V[2,1] <- -0.05

Sigma_V[1,3] <- Sigma_V[3,1] <- -0.06

Sigma_V[2,3] <- Sigma_V[3,2] <- 0.07

#it

myModel <- c("semi-Markov", "PEM", "MVN")

myPath <- "QOutput/05-Results-PEM_MVN/"

startValues <- initiate.startValues_HReg(form, scrData, model=myModel, id, nChain=2)

#it

fit_PEM_MVN <- BayesID_HReg(form, scrData, id, model=myModel,

hyperParams.PEM.MVN, startValues, mcmc.PEM, path=myPath)

fit_PEM_MVN

summ.fit_PEM_MVN <- summary(fit_PEM_MVN); names (summ.fit_PEM_MVN)

summ.fit_PEM_MVN

pred_PEM_MVN <- predict(fit_PEM_MVN)

plot(pred_PEM_MVN, plot.est="Haz")

plot (pred_PEM_MVN, plot.est="Surv")

#it

myModel <- c("semi-Markov", "PEM", "DPM")

myPath <- "Output/06-Results-PEM_DPM/"

startValues <- initiate.startValues_HReg(form, scrData, model=myModel, id, nChain=2)

#it

fit_PEM_DPM <- BayesID_HReg(form, scrData, id, model=myModel,

hyperParams.PEM.DPM, startValues, mcmc.PEM, path=myPath)

fit_PEM_DPM

summ.fit_PEM_DPM <- summary(fit_PEM_DPM); names (summ.fit_PEM_DPM)

summ.fit_PEM_DPM

pred_PEM_DPM <- predict(fit_PEM_DPM)

plot (pred_PEM_DPM, plot.est="Haz")

plot(pred_PEM_DPM, plot.est="Surv")



