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ABSTRACT OF DISSERTATION

MULTI-STATE MODELS FOR INTERVAL CENSORED DATA WITH
COMPETING RISK

Multi-state models are often used to evaluate the effect of death as a competing event
to the development of dementia in a longitudinal study of the cognitive status of el-
derly subjects. In this dissertation, both multi-state Markov model and semi-Markov
model are used to characterize the flow of subjects from intact cognition to demen-
tia with mild cognitive impairment and global impairment as intervening transient,
cognitive states and death as a competing risk.

Firstly, a multi-state Markov model with three transient states: intact cognition, mild
cognitive impairment (M.C.1.) and global impairment (G.I.) and one absorbing state:
dementia is used to model the cognitive panel data. A Weibull model and a Cox
proportional hazards (Cox PH) model are used to fit the time to death based on age
at entry and the APOE4 status. A shared random effect correlates this survival time
with the transition model.

Secondly, we further apply a Semi-Markov process in which we assume that the wait-
ing times are Weibull distributed except for transitions from the baseline state, which
are exponentially distributed and we assume no additional changes in cognition oc-
cur between two assessments. We implement a quasi-Monte Carlo (QMC) method to
calculate the higher order integration needed for the likelihood based estimation.

At the end of this dissertation we extend a non-parametric “local EM algorithm” to
obtain a smooth estimator of the cause-specific hazard function (CSH) in the presence
of competing risk.

All the proposed methods are justified by simulation studies and applications to the
Nun Study data, a longitudinal study of late life cognition in a cohort of 461 subjects.

KEYWORDS: multi-state Markov chain; competing event; Nun Study; semi-Markov
model; Cause-specific hazard; Local EM algorithm
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Chapter 1 Introduction

A Medical study that allows a long follow-up period to assess a certain outcome
typically generates rich yet complex data. In addition to the baseline diagnostic
covariates obtained at the onset of the study, other important information may also
be collected longitudinally as the study continues. A question of primary interest is
to identify the risk factors associated with the outcome and quantify the effects of
the identified risk factors. Any attempt to answer this question should recognize the
complex data structure, such as a possible multi-state outcome variable or censored
event times due to potential loss of follow-up, and incorporate these structures into
the statistical models. We aim to develop flexible and powerful statistical models
to address this question. The Nun dataset introduced in 1.1 is used as a working
example for ease of presentation, but obviously the methodologies presented in this

dissertation can be applied far beyond the Nun study itself.

1.1 Background of Nun Study Data

The Nun study is a well-known longitudinal study, initiated in 1986. Scientific in-
terest in this study centers on examining the onset of dementia, a chronic disease, in
relation to measureable risk factors. The study cohort consists of 672 members of the
School Sisters of Notre Dame born before 1917 and living in retirement communities
in the mid-western, eastern, and southern United States. Similar environmental in-
fluences and general lifestyles make the nuns an ideal population to study [52]. The
participants were recruited in phases and received annual cognitive assessments with
brain donation at death. The time independent covariates, such as gender, education
level, gene-related factor (Apolipoprotein E4), were recorded at the baseline (first

visit). The time dependent covariates, such as age, were recorded at each of the fol-



low up assessments. At each assessment, the cognitive status is categorized into one

of the following three states:

Intact Cognition: The patient passes all the cognitive and activities of Daily

Living tests.

Mild Cognitive Impairment: The patient passes the Delayed Word Recall, Mini-
Mental State Exam, and Activities of Daily Living tests but fails one or more
of the other three cognitive tests, including Boston Naming (participant is told
to tell the examiner the name of 60 pictures and given about 20 seconds to
response for each picture), Verbal Fluency (participant has to say as many
words as possible from a category in a given time (usually 60 seconds)), and
Constructional Praxis (check the participant’s ability to build, assemble, or

draw objects).

Global Impairment: The patient passes the Delayed Word Recall but fails the
Mini-Mental State Exam, Activities of Daily Living test, and one or more of
the other three cognitive tests (Boston Naming, Verbal Fluency, and Construc-

tional Praxis) without meeting criteria for dementia.

The subjects were followed during the study period until terminal status, death or
dementia, occurred. Some subjects were still at risk at the end of this study, which
results in right-censored event times. At the meantime, the time to each cognitive
state and dementia is subject to interval censoring, due to the periodical assessment.

The time to death is exactly known. The flow diagram of the transition is summarized

in Figure [1.1]



2=Mild
Cognition
Impairment

4=Dementia

1=Intact
Cognition

3=Global
Impairment

Figure 1.1: Frequency of the one-step transitions

1.2 Multi-State Models

For longitudinal study with categorical response variables, the multi-state Markov
model is the most commonly used technique due to its simplicity. The central as-
sumption, the Markov property, assumes that the subject’s next status only depends
probabilistically on the subject’s current status given all of the subject’s historical
status. Under this assumption, the likelihood function can be easily formulated. See

[52. (19, 45).

Of particular interest is the work by Salazar et al. [45] who proposed an elegant
multi-state Markov models to model the progression to dementia in which death was

treated as a competing absorbing state.



Specifically, the one-step transition probability Py, from state s to v is expressed as

lo { Psv(03v|X7 7)

=, + X8, +&+W'n, v=2,345s5=1,23.
Psl(931|X7 ’7) } & : 7

where «, is the intercept, B, is the fixed effect for covariate vector X, & is the
unknown fixed effect for the prior state s and current state v and - is the random
effect associated with each subject. The corresponding conditional likelihood function
based on the baseline state is expressed as
- 6917175591’ﬂu
v©x) = [ T x T {Pat@lx.n}" " m@lz. )y, (11

Q2  1<s<3
2<v<h

where d,,, is an indicator function that takes value 1 if 3 = v and 0 otherwise.

The adverse effect of ignoring the baseline distribution in the parameter estimation
was investigated by Yu et al. [57]. In Yu et al. [56], they showed that the transition
probability was time-dependent and further considered a non-homogeneous discrete

time Markov chain consists of either absorbing states or transient states at any time.

However, in the longitudinal study, especially the chronic disease study, the progres-
sion of event is not only characterized by response status but also the corresponding
waiting time (also known as holding time). Simply modeling the progression or
the time-to-event data will result in loss of important information since these two
processes may not be independent. Moreover, in the presence of censoring, solely
modeling the transition status, without incorporating the waiting times, will intro-
duce biases, since transitions involving worse cognitive status tend to be censored
due to death or loss of follow-up [I3]. Therefore, we aim to adopt firstly a joint mod-
eling approach where time-to-death are explicitly accounted for and then a general

semi-Markov model to incorporate the waiting times.



1.2.1 Joint Modeling of Longitudinal and Competing Risk Time-to-Event

Data

Considerable recent literatures are focused on the so-called joint modeling, which
models both the event time and a simultaneous longitudinal process by adding shared
random effects and covariates to link those two components [55, 21]. The general
approach for the likelihood function of the joint modeling for a longitudinal data y

along with the survival time d is defined as

fly.d) = / ) F Ry, (1.2)

where ~ is the subject specific shared random effect, f(y|v) is the density function
of the longitudinal data y and f(d|v) is the density function related to the survival
time d. To find the MLE of [I.2] we should integrate out the shared random effect ~y.

Those joint models lead to correction of biases and enhanced efficiency. However,

only the case of continuous longitudinal response variables was discussed.

Under the principle of joint modeling, we use a sub-model of four-state Markov chain
to account the progression to dementia and another sub-model of parametric and
semi-parametric Proportional Hazards models to account for the time-to-death, with
these two sub-models linked by shared random effects. The commonly used paramet-
ric or semi-parametric distributions in modeling survival time are Weibull distribu-
tion, Generalized Weibull distribution and the Cox Proportional (Cox PH) hazard

model.

Weibull distribution W (r, 1): The hazard function is defined as \(t) = rut™*,
where r > 0 is the shape parameter and p > 0 is the scale parameter. In

application, log(u) is always assumes to be a function of covariates.



Generalized Weibull distribution WG(r, i, 0): First introduced by Mudholkar
et al. [41] and with the hazard function A(t) = rp='(1+put™)/0= 141 1f 6 = 1,
a Weibull formulation is obtained. This is a more flexible distribution due to it

can have U shape or inverse U shape hazard function, see Figure 2.2

Cox PH model: The hazard function has the form \(¢|X) = Xo(t) exp(X ' 3),
where \g(t) is the unspecified baseline hazard and 3 is effect vector associated

with the covariate vector X.

In the real data analysis of Chapter 2, we applied both semi-parametric (Cox PH
model) and parametric (Weibll model) to model the survival time, in which we use
the semi-parametric model to check whether the parametric model assumption is
appropriate here. The Generalized Weibull distribution is applied in the simulation
study to check how reliable the proposed joint model in estimating the fixed effect

when the assumption on the survival time is violated.

This joint modeling approach can address the following two objectives in the analysis
of the Nun Study data: (1) understanding the within subject progression pattern
of the cognitive status to dementia (2) understanding the relationship between the
progression pattern to dementia and time to death. The detailed methodology, simu-
lation study results, and results of the application to the Nun Study data are discussed

in Chapter 2.

1.2.2 SEMI-MARKOV MODEL

The model introduced in 1.2.1 works well if assessment times are equally or approx-
imately equally spaced. Biases may introduce if the observation time is not equally

spaced. In order to further incorporate the time related to each transition, including



death, in the Nun study, we investigate the applicability of the semi-Markov model
to the current problem. The semi-Markov model is more flexible than the Markov

model in that it makes fewer assumptions, at the cost of higher model complexity.

In the semi-Markov setting, not only each transition status but also the waiting times
between transitions are needed [9]. However, due to the periodical assessment sched-
ule, the transition instants, except time to death, are interval censored, which further

complicates the problem.

An important contribution is credited to Kang and Lagakos [29] who introduced
a multi-state semi-Markov process with at least one state that has time homoge-
nous transition intensity, namely, the holding time at that state is exponentially
distributed. In that case, they were able to divide a long trajectory into smaller frag-
ments according to the time homogenous transition intensity state. An alternative
approach based on the use of phase type sojourn distributions and hidden Markov

models is presented by Titman and Sharples [53].

More details about the challenges of the semi-Markov models and literature reviews
are discussed in Section 3. We will discuss some numerical issue here. For interval-
censored survival times, there are two main approaches, EM algorithm and direct
integration over the intervals. Turnbull [50] derived a widely used EM-like iteration
procedure “Product limit estimator”. This yields an EM algorithm for computing
the non-parametric maximum likelihood, which is not suitable in the parametric set-
ting where directly integrating out the unobserved transition instants is the standard
approach [16] B9]. However, the numerical implementation is quite computationally
burdensome, especially for the multi-state model, where the orders of integrations are

dictated by the number of states and whenever backward transitions are allowed.



For example, in the Nun Study data, we have 5 possible states with backward tran-
sitions between 3 transient states, which make the order of integration up to 8.

The widely used numerical methods for high-dimensional integration are Adaptive
Quadrature (AQ), Pseudo-Monte Carlo (PMC) and Quasi-Monte Carlo (QMC) meth-
ods.

Suppose, we want to approximate the integral

100 = [ fayis

where D € RP is the pre-specified integration domain.

AQ method: The idea behind the AQ is to approximate an integral using a quadra-
ture rule to adaptively redefine the sub-interval for the integral domain until

the pre-specified tolerance reached. The procedures for AQ as follows:

e Step 0: Choose the tolerance 7y, a quadrature rule, such as the Trapezoidal
Rule and a composite rule, on domain D and set & = 0.

e Step 1: Estimate I(f) using the quadrature rule and denote it as Iy(f).

o Step 2: Set k =k + 1 and I(f) = >, [}, f(x)dz, where D; is the sub-

domain of domain D.

o Step 3: 7= I;(f) — Ix_1(f), repeat step 2 and 3 until 7 is less than 7.

PMC method: The basic principle of the PMC method in evaluating the inte-
gral is to replace the continuous average by a discrete average over randomly
choose points. It has the form of I(f) = 3", f(t;), where t1,--- ,t, are
independently and randomly chosen from the domain D.

QMC method: QMC method states in the same way as PMC excepting randomly

selected points. QMC uses a low-discrepancy sequence such as the Halton



sequence, the Sobol sequence, or the Faure sequence, which is none-random
but more uniformly distributed in the domain of integration. For example, the
Halton sequence is generated by a prime number 7(r > 2) as base. To generate
the sequence for base r, we start by dividing the interval (0,1) in rths, then in

r?ths, r?ths, etc. For r = 2, it generates

1/2,1/4,3/4,1/8,5/8,3/8,7/8,1/16,9/16, - - -
For r = 3, it generates

1/3,2/3,1/9,4/9,7/9,2/9,5/9,8/9,1/27, - - -

After combining and transferring multiple sequences with different primes, we

get a sequence of points from high dimensional domain D.

The AQ leads to a very stable result and is highly recommended for low-dimension
integrations [43]. The QMC method is a little less accurate than AQ, but is way
more accurate than PMC (100 draws in QMC is more accurate than 1000 draws of
PMC in the example of Brat [7] ). Regarding the computational time to the order
of integration, it is approximately exponential for adaptive quadrature, while linear
for QMC [7, [I8]. Therefore, in this dissertation, we implement the QMC to calculate

the higher order integration (up to 8).

1.3 Competing Risks

The term “competing risks” refers to the situation when more than one type of failure
can occur, and only the smallest event time is recorded. At the same time, the event

time is often subject to interval censoring due to the periodic assessment schedule.



Cause-specific hazard (CSH) and cumulative incidence function (CIF) are two func-

tions of particular interest in the competing risk study.

The CSH of the kth (k = 1,2) competing event, referring to the instantaneous rate
of failure due to cause k at a specific time in the presence of all other failures types,

is defined as
Pr(t <T <t+ At,e =k|T <t)
At—0 At ’

where ¢ is an indicator for the failure type.

The CIF of the kth (k = 1,2) competing event, referring to the probability of occur-

rence of failure due to cause k by a specific time, is defined by

Fi(t) =Pr(T <t,e=k)= /Ot Ak (s) exp{ —N(s7)+ Ag(s’)}ds, (1.3)

where Ay(s) = [; Ae(u)du. It is clear that the summation of all the CIFs is less than

or equal to 1.

The standard approach of modeling CIF is to make use of formula [I.3]and model the
CSHs of all causes. Various models have been considered in the literature. Among
others, the Cox proportional hazards (PH) model is unarguably the most popular

choice. The PH model postulates that

M(tZ) = Meolt) exp {ZTﬁk},

where A\go(t) is the baseline hazard and (3 is the vector of regression coefficients as-
sociated with the vector of covariates Z. This approach assumes different baseline
hazards and different regression coefficients for different failure types. Anderson et
al. [I] studied the estimator of the predicted CIF for a given set of covariates and

derived a variance estimator.

10



Another popular hazard based model is the additive risk model, which assumes an
additive covariate effect:

Me(t|Z) = Mio(t) + Z7 By

Shen and Cheng [49] studied this model, presented an approach to constructing si-
multaneous confidence intervals of CIF and applied this model to analyze a melanoma

data.

In randomized trials, where covariates adjustment is less of a concern, non-parametric
estimators are appealing, but the current literature seems to be more focused on the

CIF, because the CIF is easier to estimate non-parametrically as compared to the

CSH.

A natural estimator of Fy(t) is

ﬁk(t) =Pr(T <te=k)= Z §(t¢_1)d7\k(tz‘)a

t;<t
where A4 (s) = > 1. <¢ di /i is the Nelson-Aalen estimator, and S(t) = >l —(di +
d?)/Y;] is the Kaplan-Meier estimator. Here, d} and d? are the number of failures, up
to time t;, of type 1 and 2, respectively; Y; is the size of the at risk set prior to time
t;. Lin [37] described the large sample properties of this estimator and demonstrated
how to construct the simultaneous confidence band for the CIF curve through the

counting process Martingale formulation.

When interval censoring is present, Frydman and Liu [I7] extended the method in

Turnbull [50] and developed a non-parametric maximum likelihood estimation proce-
dure (NPMLE) for the CIF. This NPMLE maximizes the non-parametric likelihood

with all the time intervals rearranged.

11



However, CIF and CSH represents two different aspects of competing risk study. The
former refers to the probability of occurrence for a particular failure type, whereas
the latter refers the instantaneous rate of a particular failure in the presence of other
failure types. In other words, the CIF is a kind of average over CSHs. As a result,
it is more insensitive than CSH to the covariate effect change. Therefore, Latouche
et al. [36] and Hinchliffe and Paul [22] both proposed that a competing risk analysis

should report results on both CSHs and CIF's side-by-side.

Most previous researches in CSH are focused on the right-censored data. It is of
great interest to propose a method that can apply to the interval censored data.
Motivated by Betensky et al. [4], who used a modified Expectation-Maximization
(EM) algorithm based on the local likelihood, the so-called “local EM algorithm”, to
obtain a smooth estimate of the local hazard function for participants subject to only
one type of failure with interval censored event times. We extended this method to

the competing risk data. Details are presented in Chapter 4.

1.4 Outline of the Dissertation

The remainder of this dissertation is organized as follows.

In Chapter 2, we present the joint model of a four-state Markov chain and the time-to-
death process, where correlation between these two processes is explained by common
risk factors and a shared random effect. Robustness in certain aspects of the model

is assessed by numerical studies.

Chapter 3 describes the semi-Markov model we proposed, where detailed model as-
sumptions and model fitting procedures are provided. An approximate likelihood

function is proposed to alleviate the computational burden. Numerical simulation

12



results are given followed by a summary of findings from the application to Nun’s

data.
We provide in Chapter 4 a non-parametric local-EM algorithm for smooth estima-
tion of the CSH function in the presence of competing risks and interval censoring.

Detailed methodology and a brief numerical study are included.

Finally in Chapter 5, we offer some potential areas for future study.

Copyright© Shaoceng Wei, 2015.
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Chapter 2 Markov Transition Model to Dementia with Death as a

Competing Event

2.1 Introduction

In clinical trials and observational studies, it is common that the occurrence of the
key event is censored by some competing risk such as disease-related dropout, which
could cause non-ignorable missing data. More specifically, in most longitudinal stud-
ies on progression to a certain disease when the target population is elderly subjects,
death is one of the competing risks. In the Nun study, among the total of 461 sub-
jects of the final analytic sample for parameter estimating, almost half (n=225) died
before converting to dementia. Several existing approaches have been developed in
joint analysis of the longitudinal measurements and competing risks time-to-event
data. Xu and Zeger [51] proposed a latent variable model to model the relationship
between time-to-event data, longitudinal response, and covariates, in which covari-
ates could only affect the longitudinal response through its influence on an assumed
latent process. Elashoff et al. [13] suggested joint modeling of the repeated measures
and competing risk failure time data by using latent random variables and common
covariates to link the sub-models. However, few involve categorical responses that

characterize these data.

Salazar el al. [45] proposed a suitable approach to the problem by defining a multi-
state Markov chain to model the progression of dementia in which death was treated
as a competing absorbing state to dementia. A possible alternative is to model the
competing risk of death without a dementia as a continuous variable. To this end
this dissertation incorporates the Weibull model and Cox proportional hazards (PH)

model into Salazar’s Markov model assuming a shared random effect [2]. Specifically,
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we introduced a random effect into the model to take into account for the correla-
tion between the survival time and the transition states that is not explained by the
model based solely on diagnostic effects in a similar spirit of Xu and Zeger [55]. The
closed-form expressions for the conditional marginal likelihood function are derived.
The model’s stability to the violation of the assumption on the distributional form

of survival is tested in simulation studies.

The dissertation is organized as follows: the model likelihood functions are con-
structed in Section 2.2; a simulation study is presented in Section 2.3; the application
to the Nun Study data is presented in Section 2.4; and a summary of the findings is

presented in Section 2.5.

2.2 Model and Estimation

2.2.1 Salazar’s Multi-State Markov Model

Suppose there are m subjects in the study. For a particular subject, let ¥ =
(Y1,Ys, -+ ,Y,) denote the random vector representing the observed cognitive states
at n different ordered discrete occasions. Assume the Markov property holds [0}, 24],
that is, the conditional distribution f(Yj|Y1,- -, Yx_1) is identical to the conditional
distribution f(Y%|Yyx_1) for £ =2,--- ,n. Then conditioned on Y7, the joint distribu-

tion of the random vector Y can be written as

r(y

Yi) :f<}/27Y37 7Yn

v) = /(v

1) £ (v

v) - (%

Yn_1>.

In order to simplify the notation, we can use Py, |y, = f(Y%|Yx—1) to denote the one

step transition probability from state Y;_; to state Y;. So for instance, if Y,_; = s
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and Y, = v, then Py, represents the probability of transition from state s to state v

in the kth visits.

In the example to be discussed later, the Nun study data, the status of a participant
at each visit was recorded as being one of the states: l1=intact cognition, 2=mild
cognitive impairments (M.C.I.), 3= global impairments (G.I.), or 4=dementia ([51]).
The participants were followed during the study period until death occurred. The
conditional distribution of the status of an individual participant at an arbitrary ex-
amination given her status at previous examinations was assumed to have the Markov
property, i.e., that status at the examination depended on only the most recent pre-
vious examination and was independent of status at other previous examinations.
Following Salazar et al. [45], a multi-state Markov chain was used to model transi-
tions from one state to another, in which state 1-3 were considered transient states,

whereas state 4 and death (state 5) were absorbing states as shown in Figure

/ —
4 A o
2=Mild Cognitive
Impairment
1= Intact ﬁ
Cognition
AV
3=Global
Impairment
\ J
T—

——,

Figure 2.1: Possible one step transitions between three transient states (1) intact
cognition (2) M.C.I. (3) G.I. and two absorbing states (4) dementia (5) death
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Thus the one-step transition probability matrix could be presented in the form of

PL(61X,7) Pu(@]X.y) Pu(6X.7) Pu(O|X.y) Pu(6]X.7)

P21 (0[X,7) Pa(O|X,v) Pxs(0[X,7) PaulO]|X,v) Px(0X,v)

P31(0[X,7) Ps(0|X,v) P33(0]X,7) Pu(O|X,v) Pi(01X,7)
0 0 0 1 0

0 0 0 0 1

Here X is the vector of covariates and = is the vector of random effects.

According to Salazar et al. [45], a multinomial logit parameterization could be applied

to link these transition probabilities with the fixed and random effects.

PSU 08’[} 'XJ
g Bt

=y, + X By + &y + W', v=2,3,4,55=1,2,3.
Psl (651|X7’7) } IB 6 K

Here O represents the set of all the unknown parameters, a = (g, a3, oy, i) is the
vector of intercepts, 3, is the vector of unknown fixed effects for covariates X and &
is the set of unknown fixed effects for the prior state s and current state v. Also, -« is
the vector of unobserved random effects associated with the subject. The formulation
of Salazar’s model in terms of logit functions allows us to find the closed expression
for each transition probability as follows

1
14305 s exp(op+X T B +E+W )’

forv=1
P (0| X,v) =

exp(ay+ X T Bu+£5+W )

for v > 1.
14305 s exp(an+X T Bu+E5+W )’
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Therefore, based on the conditional distribution of f(ya,ys, - ,¥n|y1) the marginal

likelihood function for the particular subject is

rer) = [T T {Pateix.n}" " hi, @)

=2 s=1,
v15

with 2 denoting the support for the distribution of the random vector ~ whose
probability density function is denoted by h(-). Here é,, , s and d,,, are indicator
functions valued at 1if y;_; = s and y;_; = v, and 0 otherwise. The overall likelihood
function can be obtained by evaluating the product of across the subjects under

study.

2.2.2 Models with Weibull and Cox Proportional Survival

In Salazar’s model death is modeled as the competing absorbing state to dementia.
A possible alternative approach is to incorporate information on the actual survival
times from death of the subjects into the stochastic system. The data of interest
involves multinomial responses and the parameterization of a polychotomous logit
under a discrete time Markov framework complicating the problem. The hypothesis
is that the survival time of those subjects who die without incurring a dementia come
from certain parametric or semi-parametric distribution which shares the same ran-
dom effects used in the Markov transition model. Additionally, these two pieces are
conditionally independent given the random effects and their corresponding predictor

variables.

In contrast with Salazar’s model, the transition probabilities among cognitive states

are modeled with a four-state Markov chain, same transient states but dementia being
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the only absorbing state. The one-step transition probability matrix now becomes

Pll(@’X77) P12(6‘X7’7) P13(@‘X77) P14(@’X77>
Py (0]X,v) P2(0]|X,v) Pxu(0|X,v) Pu(0|X,v)
P31 (0]X,v) P3(0]|X,v) Ps3(0|X,v) Pu(0]X,7)

0 0 0 1

Each transition probability Py, could be postulated in the form of

1 —
1+Zi=2 eXp(ah+XT13h+£i+WT_y) 9 fOI‘ vV = ]_
Pao <@‘X’ 7) - (2.2)
exp(ay+X T Bu+EE+W )
1+ g explan+X T Br+E+W Ty)? for v > 1.

Assume the survival time (that is, time on study) could be modeled by the parametric
Weibull distribution or the semi-parametric Cox PH model. The semi-parametric Cox
PH model is used to validate the parametric Weibull model assumption. Therefore,
both the parametric and semi-parametric methods are applied to the Nun Study data
and the corresponding simulation results and real data analysis results are compared

in Section 2.3 and 2.4.

When the survival time follows the Weibull distribution, the survival time S ~
Weibull(r, 1), where u = exp(no + Z'm + W '+). The probability of a subject

failing from the competing risk of death is

7rw<S:t‘®,'y> = {rexp(nO+ZTn+WT'y)t”"_1}T

X [exp{ —exp(no+ Z'n+ WT'y)tr}],r > 0.

Here 7 is the indicator function valued at 1 if the i¢th subject died at time and 0

otherwise. © be the parameter vector associated with both the transition probability
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and the probability of death. For each subject under study, the conditional marginal

likelihood function for the ¢th subject can be rewritten as

n

L(@‘X) - /QH X {PSU(@|X,7)}%“’S6”’” x T, <@‘Z,7>h(7)d7. (2.3)

=2 s=1,23
v=1,-5

In the Cox proportional hazards model, we assume the hazard function has the form

MS =1t0,7) = Xo(t) exp (mo + Z'n + W'y).

Here A\o(t) is the baseline hazard and p = exp (o + Z'n + W’'v) > 0 . According to
Cox et al. [10], the contribution to the partial likelihood from the ith subject failing

from the competing risk of death is

Iiro1y
wc(szty@,fy)=< K ) .

th >t Hj

The conditional on the baseline state likelihood function can be rewritten as

L.(O|X,Z) = / [T I Pelx, )10 x 7(01Z,9)h(y)d. (2.4)
[=2s=1...3,v=1..4

2.2.3 Parameter Estimation

The parameter estimation is implemented by maximizing the conditional likelihood
L(©|X, Z) . In particular, all the calculations are approached by SAS PROC NLMIXED
procedure. Assuming that the random effect is distributed as a N (0, 0?), both of the
log likelihood functions (in and ) can be maximized using the Double-Dogleg
method combined with the adaptive Gauss-Hermite quadrature method (Raudenbush
et al. [44]) to numerically evaluate the integrations and produce the parameter esti-

mates. The likelihood function is not convex in the parameters, therefore convergence
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of the optimization algorithm is not guaranteed for an arbitrary set of initial values.
It is advisable to start with multiple sets of initial values and select the maximizers ac-
cordingly. The estimates of the standard errors are computed by Fisher’s information

method.

2.3 Simulations

The main purpose of the simulation study is to examine the sensitivity of the MLEs
of B to the violations of the Weibull model assumption or Cox PH model assumption
on the survival time. The goal is to quantify how the distributional form for the sur-
vival term affects the model estimates associated with the fixed effects in Equation

[2.2] The criteria are the bias and the mean squared errors of the MLEs.

Simulations were set to have 1000 iterations, with each containing either 200 or
500 subjects. The corresponding computation time of sample size 200 and 500 by
using Intel i5-650 processor (4M Cache, 3.2 GHz) are 13.35 hours and 31.21 hours
respectively. Each subject has up to ten follow-up waves starting from a baseline

state of intact cognition. Four cases are considered:

1. Total of 200 subjects generated with prior distribution of survival being Weibull
2. Total of 500 subjects generated with prior distribution of survival being Weibull

3. Total of 200 subjects generated with prior distribution of survival being Gen-

eralized Weibull

4. Total of 500 subjects generated with prior distribution of survival being Gen-

eralized Weibull

The Generalized Weibull distribution WG(r, u,8) has the hazard function, h(t) =

ru/O(1 + pt")V9=1 =1 where t > 0,7 >0, u > 0 and 6 > 0 (Foucher et al. [16]).
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If 0 is 1, the Weibull formulation is obtained. In the simulation, set r to be a fixed
number 2.8593 and log(u) be a linear function of current age and APOE4 status. The
range of p in the simulation lies between 0.0004 and 0.0103 and the mean value of
1 is 0.0013. These choices are motivated by the application discussed in Section 2.4.
Additionally, choose # = 0.5, 1, 2 and 4 separately. The plots of hazard functions of

the Generalized Weibull distribution with r» = 2.8593 and p = 00013 were shown on

Figure [2.2] Note that the proportional hazards assumption holds only if § = 1.

=
.

(4]

& & O D
B b s S

Hazrard

Figure 2.2: Hazard function of a Generalized Weibull Distribution with r = 2.8593
and p = 0.0013

Thus, two sets of comparisons could be explored: first, the effects of varying the

sample size, and second, the effects of violating the original model assumption on the

distributional form of survival term with a possible alternative.
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In both situations, the transition probabilities were dependent on three covariates:
current age (denoted as age), prior state (IC = intact cognition or M.C.I. or G.I.
(the reference category)), and the presence/absence of an apolipoprotein E-4 allele
(APOE4). The covariates entered in the survival model were age at entry and the
APOEA4 status of the subject. All the simulations were done using the IML procedure
in SAS system. The results are presented in Table and Table
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As expected, increasing the sample size improves the estimates in terms of reducing
mean square error (MSE). The main savings is in the variance of the estimates since
the bias stays almost the same with only one exception, the effect of the transition
from intact cognition into dementia. Those biases are reduced considerably when
the sample size increased. For example, the bias is -0.892 when sample size is 200
reduced to 0.018 when sample size is 500 for the Weibull model when # = 0.5. The
huge change is due to that the simulation parameter for the transition from intact
cognition into dementia is very small, -5.226, which will increase the chance of ob-
serving few transitions. However, the chance of observing few transitions will be very
rare when the sample size is larger than 300. Similar results were obtained for sample
sizes of 300 and 400 (not shown). The results show that as long as the sample size is

larger than 300, then the result will have acceptable small MSE and bias.

There is not much difference in term of the bias and MSE when fitting the data as-
suming a Weibull model or Cox model. The maximum differences between a Weibull

model and a Cox model are 1.4289 for MSE and 0.3699(7.08%) for bias.

In all, the results indicate that the maximum likelihood estimates are not sensitive to
violations of the assumed Weibull or Cox PH model in the case when the Generalized

Weibull Distribution is the true distribution.

2.4 Application to the Nun Study

The Nun Study began enrollment in 1991. The data consists of a cohort of 672 mem-
bers of the School Sisters of Notre Dame born before 1917 and living in retirement
communities in the Midwestern, eastern, and southern United States. The subjects
were recruited in phases and received annual cognitive assessments with brain dona-

tion at death. Analyses were based on data from ten successive examinations. A total
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Current Visit
Prior Visit Intact Cognition M.C.I. G.I.  Dementia

Intact Cognition 593 197 54 5
69.9% 23.2%  6.3% 0.6%
M.C.L 177 697 136 82
16.2% 63.8% 12.5% 7.5%
G.L 16 39 184 75
5.1% 12.4% 58.6%  23.9%
Dementia 0 0 0 81
0.0% 0.0%  0.0% 100.0%

Table 2.3: Number of transitions in the Nun study

of 211 subjects were excluded from the study due to: only one cognitive assessment
(128), presence of dementia at baseline visit (61) or missing APOE4 (22). The final
analytic sample consisted of 461 participants, of which 74 survived without dementia,
162 developed dementia and 225 died before converting to dementia. The transitions

among the cognitive states are summarized in Table :

The covariates of interest are age, education level, APOE4 status, and prior state.
For simplicity, education was not included in the model simulations; but was consid-
ered here since it is a well-known risk factor and found to be significantly associated
with dementia in previous studies. The covariates entering in both of the two survival
models were age at entry and APOE4 status. As shown in Figure below, sub-
jects were sub-grouped based on their APOE4 status and age at entry, and thus four
Weibull probability plots were created as a preliminary look at the model assumption.
The estimated cumulative distribution function was computed by Kaplan-Meier esti-
mator in the LIFEREG procedure in SAS. The straight line represents the maximum
likelihood fit, with the point wise parametric confidence bands on each side. The

plots indicate that the assumed Weibull model fits the data reasonably well although
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not perfect since skewness arises in the tail of the distribution for some of the groups.

Similar results were obtained for Cox PH model, which are not shown.

‘Weibull probability plot of the survival time I(APOE4-, Age at Entry le 82) ‘Weibull probability plot of the survival time II(APOEA4-, Age at Entry gt 82)
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Figure 2.3: Weibull probability plots of the survival time for different cohorts in the
Nun study

Since current age is the only interval level risk factor, there is interest in determining
whether the linearity assumption between the logit of the transition probability and
current age is adequate. To this end, we contrasted the linearity assumption against
a piece wise constant assumption and test the adequacy of the linearity via the like-
lihood ratio test. Specifically, split the variable, current age, into 5, 10, 15 and 20
equally spaced bins, and estimate the effect of age for each bin. The resulting regres-

sion coefficients were then plotted against the age midpoint of each bin for the cases
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Bins  -2Log(Likelihood) LRT D.F. P value

5t 5598.2 7.3 9 0.61
10 5577.9 27.6 24 0.28
15 5H72.4 33.1 39 0.74
20 5554.2 51.3 54 0.58
Linear 5605.5

Table 2.4: Fit statistics for linearity test of current age

of 10 and 20 bins given by initial state in Figure 2.4, For each initial state 2, 3, or
4 the coefficients appear to increase linearly with the age midpoints. The Likelihood
Ratio Test for linearity is provided in Table for 5, 10, 15 and 20 bins. Note that
none of these tests are significant, supporting the linearity assumption for each state
2, 3, and 4. A similar analysis was conducted to check the linearity of baseline age in
the survival component of the likelihood with the same result (which is not shown).

In Table 2.4 the first and second column of each model lists the parameters and
standard s of parameters obtained by SAS PROC NLIMXED. The third column lists
the estimated standard error, which was obtained by using the bootstrap resampling
method [II]. The two methods of estimating standard errors are almost the same.
We found that the standard errors of transition parameter estimates of Weibull model
are uniformly smaller than those of Cox PH model. This is likely due to the much

larger estimate for the random effect in the Cox model (last line in Table [2.4).

Note that in either model, the regression coefficients for all three risk factors are
positive and significant at the P < 0.05 level indicating that each factor promotes
transitions into each impaired state at the next assessment with only one exception
where the p-value for the regression coefficient is only marginally significant (P =
0.09). As noted above, the effect of age is linear. Referring to the Weibull model, the
effect of an APOE 4 carrier is to promote transitions into M.C.I, G.I., and dementia

as opposed to a transition into the intact cognition with estimated odds ratios (OR)
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Weibull Model

Cox PH Model

Risk Factors State Estimates s.e. e.s.e. Estimates s.e. e.s.e

Markov chain
Age 2 0.1010* 0.017 0.016 0.1129* 0.020 0.020
3 0.1813* 0.020 0.019 0.1955* 0.023  0.022
4 0.1772%* 0.024 0.021 0.1873* 0.026  0.027
APOE4 2 0.8585* 0.244  0.307 1.1765% 0.336  0.450
3 1.3132% 0.274 0.354 1.6383* 0.358  0.492
4 1.4282%* 0.306  0.353 1.7335% 0.383  0.488

Education:

< 16 years 2 1.5658* 0.361 0.345 2.0148%* 0.491 0.489
vs. > 16 years 3 1.6105* 0.402 0.421 2.0493* 0.521 0.572
4 1.4504%* 0.446  0.461 1.8779% 0.555  0.620
16 years 2 0.4969* 0.164 0.178 0.7549* 0.246  0.238
vs. > 16 years 3 0.5276* 0.199 0.204 0.7786* 0.270  0.258
4 0.4032 0.239 0.228 0.6528* 0.300 0.277

Prior states:
Intact Cognition 2 -1.1103* 0.337  0.369 -0.7579* 0.369 0.433
3 -3.7083* 0.329 0.417 -3.3338%* 0.362  0.479
4 -5.2264* 0.548  1.650 -4.8818* 0.570  1.435
Mild Cognitive 2 0.7399* 0.328 0.330 0.4734 0.354 0.354
Impairment 3 -2.3053* 0.307  0.322 -2.5663* 0.335 0.337
4 -1.9313* 0.328 0.318 -2.2025* 0.354 0.323

Survival Part:
Age at Entry - 0.1206%* 0.019  0.020 0.0982* 0.014 0.015
APOE4 - 0.4794%* 0.231  0.250 0.3937* 0.175  0.185
Sigma - 1.0026* 0.116  0.134 1.6409* 0.200 0.233

States: 2=Mild cognitive impairment, 3=Global impairment, 4=Dementia;

e.s.e. is the estimated standard error from bootstrap resampling method
Significant at P < 0.05

Table 2.5: Maximum likelihood estimates (SE) of model parameters in the Nun study

for two models (base state: 1=Intact Cognition)

2.36, 3.72 and 4.17, respectively. Low education (<16 years) versus high education
(> 16 years) is associated with even larger ORs of 4.79, 5.01, and 4.26 for similar
transitions. More modest ORs are obtained when comparing 16 years of education
to > 16 years of education yielding ORs of 1.64, 1.69, 1.50 for similar transitions.
The corresponding ORs are 0.33, 0.025 and 0.0054 for prior state intact cognitive and
are 2.10, 0.10 and 0.14 for prior state mild cognitive indicating that subjects tend to
remain in their prior state. For all three risk factors, the Cox model yields uniformly

larger ORs but their statistical significance is about the same due to the increase in
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the standard error of the regression coefficients. Only baseline age and APOE carrier

status predict time to death without dementia.

2.5 Conclusion and Discussion

Considerable literature has focused on characterizing the relationship between longi-
tudinal response process and time-to-event data. In contrast, relatively little research
has been done to accommodate multinomial responses, with even fewer relying on a

polychotomous logit parameterization under a discrete-time Markov chain.

As an improvement to Salazar’s multi-state Markov model, this dissertation fits a
Weibull distribution and a Cox PH ditribution to model the time to death without
a dementia and correlate this with the Markov transition model by incorporating
a shared random effect. The simulation study showed model stability in terms of
violations of the distributional assumption on survival time. More specifically, the
maximum likelihood estimates are not sensitive to violations of the assumed Weibull
model or Cox PH model assumption when, in fact, a Generalized Weibull model
should be used instead. Also, the semi-parametric model has almost the same effect

as the parametric model.

The application to the Nun Study data found that Age, APOE 4 carrier status, and
low education are significant predictors of a transition to an impaired state as op-
posed to a transition to cognitively normal because all the coefficients associated with
Age and APOE4 are significant and positive. Remaining cognitively intact favors the
highly educated (> 16 years education) which also agrees with the results from the
previous models. Age and APOE 4 status are also significant predictors for dying
without incurring a dementia. Age at entry is a protective for subjects from the com-

peting risk of death since older subjects are more likely to become demented before
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death.

Yu et al. [57] incorporated the missing portion of the likelihood due to baseline
demented individuals into the follow-up likelihood by assuming the two share the
same random effect. The complete marginal likelihood function for a subject with

baseline can be written as

LO|X,Z) = / IIT 1II PuOX y) e xm, (012, v)h(y)dy.

1=2 s=1.2,3,v=1,...,5

Here © is the set of parameters associated with the baseline response components.
The probability of the baseline state m,, (0| Xpg,7) was similarly modeled by using
multinomial logistic regression as for the one-step transition probability Py, (©|X,~)
in the follow-up likelihood. It will also be interesting to combine this approach with
our model to find a complete likelihood function that accommodates all the three

pieces baseline, follow-up, and survival.

Due to the Markov property assumption, the proposed method works well when the
follow-up assessments are evenly spaced, but may lead to biased estimators when the
visit times are derivation from the predetermined visit times. Therefore, one potential
limitation of our proposed methods is its inability to handle the uneven assessments
or skipped visits. The general imputation approaches for the missing data can used
to deal with skipped visits But those imputation methods are generally very com-
plex. One simple and popular strategy is so called ”last observation carry forward
(LOCF)”. However, it is not recommended to use since this approach will introduce
bias in the result [40]. Uneven assessments call for use of more complex models as
discussed by Huzurbazar [24]. Another possible drawback of the proposed method is
that the computational burden will become heavier in the current model if a compli-

cated form of the random effects is adopted.
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Figure 2.4: Assessment of linearity of current age in transition matrix using 10 and
20 age bins
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Chapter 3 Semi-Markov Models for Interval Censored Transient

Cognitive States with Back Transitions and a Competing Risk

3.1 Introduction

In longitudinal analysis, the continuous-time multi-state stochastic process has a
wide application in modeling the complex evolution of chronic diseases. Analysis of
panel data is greatly simplified by the time homogeneous Markov assumption, espe-
cially when observations are made at some pre-specified evenly spaced time spots.
Kalbfleisch and Lawless [27] proposed a quasi-Newton algorithm for maximum likeli-
hood estimation that could effectively handle the case of unevenly spaced observation

times.

Often it is the case that the transition intensities of the process depend on the time
elapsed at the current state, which makes the process semi-Markov. There has been
much literature on the application of semi-Markov models in very general statistical
problems. When the exact transition times are fully observed, the likelihood function
has a relatively elegant form, which also simplifies the subsequent maximization proce-
dure [16]. The R package SemiMarkov recently developed by Listwon and Saint-Pierre
[38] offers a convenient tool to implement general homogeneous semi-Markov models
that could flexibly incorporate diagnostic covariates through parametric proportional
hazards models. However, in many instances, the subjects are only periodically as-
sessed resulting in interval censoring, with no information about the types of events
between the observations and the associated transition instants. When the process
only has right shift paths, namely, a subject can only visit a state at most once, and
has only a small number of states, e.g., three or four, the length of all possible paths

will be limited. In the parametric setting, the likelihood function will only involve in-
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tegrations of low orders and therefore standard numerical methods such as Gaussian
Quadrature or Monte-Carlo methods can be applied to approximate the likelihood
[14, 15, 20, B9]. Nonparametric estimation is also possible via self-consistent esti-
mators in the case of a unidirectional model without covariates [47]. Commenges
[9] discusses the need to develop more stable and efficient algorithms when employ-
ing nonparametric inference for multistate models subject to interval censoring. A
semi-parametric based on a penalized likelihood function for a three state progressive
semi-Markov model with interval censored data is presented by Joly et al. [25 26]
Recently, Kapetanakis et al. [30] studied a three-state illness-death model with piece-

wise constant hazards in the presence of left, right and interval censoring.

Little work has been done to handle reverse transitions (namely, a subject can visit
one state multiple times) in the presence of interval censoring, apparently due to the
fact that reverse transitions will potentially lead to lengthy paths and hence pro-
hibitively complicated high order integrations in the likelihood function. An impor-
tant contribution is credited to Kang and Lagakos [29] who introduced a multi-state
semi-Markov process with at least one state that has time homogeneous transition
intensity, namely, the holding time at that state is exponentially distributed. In that
case, they were able to divide a long trajectory into smaller fragments according
to the time homogeneous transition intensity state. Although their method could
be extended with minimal modification to incorporate time-independent covariates,
dealing with time-dependent covariates may be problematic. An alternative approach
based on the use of phase type sojourn distributions and hidden Markov models is
presented by Titman and Sharples [53]. In the Nun study, one of our primary re-
search interests is the effect of age (calendar time, with 15 years follow up period) on
the holding time, which makes the approach of Kang and Lagakos inapplicable. We

implement the quasi-Monte Carlo (QMC) method [7] which will provide considerably
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better accuracy, with the expected integration error of the order of N=! (N being
the number of Halton sequence points from the high-dimensional integration space),

to approximate the higher order integrations of the likelihood function.

A second issue in using a semi-Markov model is identifying the time origin, the exact
time of entrance into the initial state (first observed state). For the semi-Markov
model, the transition intensity of each state depends on the length of time at which
each subject stayed at the current state. For the initial state, we do not have the
exact time of entrance, which results in the left censoring for the holding time of the
initial state. We identified some common strategies in the literature to deal with this
problem. Kryscio and Abner [35] assume a unique time (age 60) as the time origin
for all subjects. This works well if each subject is in the same initial state and all
paths are right shift. Kapetanakis et al. [30] apply the EM inspired algorithm to find
the unique age as the time origin. Satten and Sternberg [47] assume that the time
elapsed before the first observation follows a given distribution and is independent of
the time to the next transition from the first observation. Satten and Longini [46]
develop a procedure to estimate Markov model parameters that conditions on the ini-
tiation time in order to remove dependence on this time. Kalbfleisch and Lawless [27]
simply assume that the holding time of the initial state is exponentially distributed,
rendering the time origin unnecessary due to the memory less property of the expo-

nential distribution. In this dissertation, we use this strategy to simplify our model.

In this dissertation, a general approach to fitting the semi-Markov model to panel
data is derived. The method, which allows for backward transition is used to model
the unevenly spaced periodically observed transition data assuming no unobserved
transitions. Different distributions for the holding time according to baseline state

are assumed. There are two absorbing states, dementia (interval censored) and death
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(competing risk to dementia and with exactly observed transition time). We expect
that the incorporation of the time-dependent covariate (age, the calendar time) will
lead to better parameter estimates. The advantage of this method is that it allows
us to check which variables are related to the backwards transaction and the holding

time of each state.

The remainder of the dissertation is structured as follows. Notation and likelihood of
the semi-Markov is defined in Section 3.2. In Section 3.3, a simulation study is con-
ducted to check the model robustness against certain violations of the distributional
assumptions. Section 3.4 applies this new method to a real dataset, the Nun Study

data. Conclusion and discussion are provided in Section 3.5.

3.2 Methodology

We first introduce the notation and establish the likelihood function of the semi-

Markov process where sample paths are only periodically observed.

3.2.1 The Semi-Markov Process

Suppose there are m subjects in the study, denoted by ¢ = 1,2,3,--- ,m. Let
SP =1,2,3,---,95 be the finite state space representing the possible states of the
evolution of a subject. For ease of exposition, the subsequent notations will be based
on the Nun study data and extensions to more general semi-Markov process should
be straightforward. In the Nun study, the status of a participant at each visit was
recorded as being in one of the following states: 1 = intact cognition, 2 = mild cog-
nitive impairments (M.C.I.), 3 = global impairments (G.l.), 4 = dementia,[55] and
5 = death, i.e. S=5 in this case. States 1-3 are transient while 4 and 5 are absorb-
ing with 5 considered to be a competing risk to state 4. Transition times between

the states 1, 2, 3 and 4 are not exactly known and a patient may begin his/her
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evolution in any of these three transient states (Figure . The exact occurrence
time of state 5 is known. The list of follow up states of a subject is denoted by
v, where £ = 0,1,2,3,--- ,n, vy is the baseline state, n is the number of jumps for
the subject and each vy is in SP. We assume the Markov property holds for the se-
quence V' = (vg, vy, -+ ,vy,). In all subsequent exposition, we assume that j = 1,2, 3,

j/:]-)zv"' 75andj7éj/'

Let di be the holding time in the state vy, defined by dy = txy1 — ti, where t; is the
calendar time of entrance into state vg. If v is an absorbing state, we define d = 0.
Let Z = (21,29, -+, 2,)" be a vector of p fixed (e.g. baseline) covariates. Let wy, be

age at time t;; wy denotes baseline age.

The probability of one step transition from state j to j' at k& + 1th jump can be
expressed as

ijj’ = P(Uk+1 = j/‘Uk = j, Z,wk)

with the constraints )., Py = 1 and Py;; > 0.

J'F#3

Following Salazar et al. [45], a multinomial logit parameterization could be applied

to link these transition probabilities in the following way:

P Sv
log (Pk ) = O{S'U + ZT/Blsv + wl;rﬁ28’l]) v = 1’ 2’ 37 4) S = 1’ 27 3 (31)
ksb

Here ay, is the intercept; Bis, and Bosv are the unknown regression coefficients. It
follows that the transition probabilities are given by:

1
14351 exp(ash+Z T Brsv+w) Basw)’ forv=5
P (01X, ) = (3.2)
exp(asv+ZTlalsv+w;—BQSv)
4+t exp(asn+Z T Brsvt+w, Basy)’

for v < 5.
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We assume two types of distributions for the holding time according to the initial
state, due to the left censoring of exact transition times to the initial state. Specifi-

cally,

e The distribution of the holding time for moving out of the initial state is expo-

nential, with the hazard function
Nojjr (t) = exp(=2Z "5 — wo ;) (3.3)

e The distribution of the holding time for all other transitions is Weibull. The

corresponding hazard function is given by
Mg (£) = Aojje (t) exp ( ~Z 35 — ww4jj/>, (3.4)

where ag;j (t) = k;zt" ! and kj; is an unknown fixed constant.

The corresponding survival function and density function are
Sk (t) = P(Dk > Vi =7, Vi = 7, Z,wk> = exp (—/ )\kjj/(s)ds) ,
t

Forl) = Au(t) exp (_ /t ) Akjjf(s)ds).

If the last observed state is a transient state, the holding time of that state will be
right censored. Moreover, we do not even know what will be the next state, so for

the last state we have:

Sii(t) = P(Dy= Vi =j. 2, wi)

= S P(Vier = J1Vi = . Zown ) P(De = Vs = Vi =, 2wy
J'#3

= Z Prjj (8) ks (t).

J'#3
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3.2.2 The Likelihood Function

Let T = (to,t1,- -+ ,t,) be the vector of transition instants and D = (dy, ds, -+ ,d,)
be the vector of holding times. Let u be the time of the last assessment. Note that if
v, € 1,2,3, d, is right censored in the sense that it’s only known up to d,, > u — t,;
if v, € {4,5}, d, will not enter our likelihood function since we are not interested
in the holding time of dementia or death. Then, conditional on the initial state, the

contribution to the likelihood from the subject is
(012, W, T, V) = [ [ Provnvon [ [ Fomtionos o (b —tie1) X Sy, (u — )= (3.5)
k=1 k=1

Here 0 represents the set of all the unknown parameters, W = (wg, wy, -+ ,w,) and

I[-] denotes the indicator function.

Due to the fact that a subject is only periodically assessed, we do not fully observe T
or D and therefore the specification of ¢ in needs some modifications. What we
observe instead, except for the state at each assessment, is a sequence of lower bounds
L = (0,{y,---,l,) and upper bounds U = (ug,uy, - ,u,) for any t; € T such that
Iy <t <ug, k=0,1,--- ,n. As mentioned in subsection 2.1, we assume that the
holding time of the initial state is exponentially distributed. Due to the memoryless
property, we could simply treat the time of transition to the initial state as the time
of the first assessment, namely the baseline age, or mathematically, tg = [y = ug. To
obtain the correct likelihood contribution, basically we could integrate out T in ,
where T falls in the domain implied by U and L. Specifically, we propose to modify

the likelihood as follows:

(6|2, W, UL V) = /A TTPe von v T fonon vt — tx 1),
k=1 k=1

X Sy (u — ) = T dts (3.6)
i=1
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where u is the last assessment time if the subject was right censored. The integration
domain A will incorporate the lower and upper bounds of T to reflect the fact that

we only have partial information on T. We have

A:{(tl,tg,m 1)

lkétkguk,kzl,Q, ,n}.

When the last observation is a death, t,, is exactly observed, and therefore the in-
tegration in (3.6 along the axis t,, is with respect to the probability measure that
puts unit mass on ¢ = t,. The integration in (3.6) can be lengthy, but the idea is

straightforward.

One implication of the modeling assumption in is that the transition probability
Piso is conditioned on the value of the time-dependent covariate wy at the time of
tr. Therefore, the associated interpretation of the regression coefficient s, is condi-
tioned on the unobserved random variable ¢;. In order for the regression coefficient
to have an interpretation that only depends on what we can actually observe, we
replace wy, in by its value at the upper bound uy. This results in our ability to
predict the next state of a subject given his/her information at the current assess-
ment. Moreover, under this modification, P, does not depend on t;, and therefore it
allows us to pull Py, outside of the integration in and thus significantly reduces

the computational burden.

3.2.3 Parameter Estimation

The multi-dimensional integration in (3.6)) could be approximated by numerical meth-
ods, including importance sampling, quasi-Monte Carlo (QMC) approximation [7]
and so on. In this dissertation, we use the QMC method due to the fact that the
highest order of integration is eight, which is relatively high. Estimation and infer-
ence on the parameters 6 can be achieved by maximizing the likelihood function in

Equation (3.6, where the optimization procedure could be implemented for example
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by PROC NLMIXED in SAS. The likelihood function takes a complicated form and
is not convex in the parameters, therefore convergence of the optimization algorithm
is not guaranteed for an arbitrary set of initial values. It is advisable to start with

multiple sets of initial values and select the maximizers accordingly.

3.3 Simulation Studies

In this section for simplicity we only consider the effects of baseline age and age as
motivated by the Nun Study example. The purpose of the simulations is to deter-
mine how well the averaged odds ratios and hazard ratios for age in Tables 3.6 — 3.8
will be estimated when the model assumed in Section 3.2.1 is correct and then when
the assumption made on the distribution of the holding time for the initial state is
violated. With respect to the latter a Generalized Weibull distribution WG(r, , 9),
with the hazard function h(t) = “(1 + ut")ﬁtw’l), where t > 0, 7 > 0, u > 0 and
0 > 0, is used to check the robustness of the maximum likelihood estimate (MLE) to
the violation of the holding time assumption. If we fix # at 1, we obtain the Weibull
formulation. We set 6 and r to be constants and log(u) to be a linear function of age.
Different options of # and r with 1000 simulations was tested but the following tables
only show the result for § = 2 and r = 2. Simulations were carried out using Intel
15-650 professor (4M Cache, 3.20 GHz). The computational time for 1000 simulations
of sample size 300 and 1000 with 500 Halton numbers are 20.43 hours and 50.61 hours

respectively.

Similar results are obtained when the assumption of Weibull distribution (versus a
Generalized Weibull) is violated for the holding time in the non-initial states (results

not shown).

Specific steps in the simulation process follow. For each subject:
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1. Generate initial age wy using a truncated normal distribution that has the same
range, mean, and standard deviation as age in the real dataset and generate the
initial state vy using the probabilities 140/511, 272/511, and 99/511 for initial

states 1, 2, and 3, respectively.

2. Then in the order ¢ = 0,---,9 generate the next state v;11 given v; and w;
according to the transition probabilities in Equation [3.2] Since the assessment
times by, --- ,byp are predetermined, note the values of OS; which denote the

observed state of the process at b; for: =1,--- | 10.

3. Generate holding time d; at state v; according to exponential (: = 0) or Weibull

distribution (i > 0).

Repeat Steps 3 and 4 until either death, or dementia, or the summation of all holding

times exceeds the largest planned observation time byg.

Choice of the model parameters were made to come as close to those estimated from
the real dataset of the next section without producing simulations that lead to non-
estimable parameters (i.e. the likelihood function fails to converge). In the real
dataset, the corresponding probabilities for the initial state are 140/461, 272/461,
and 49/461 for states 1, 2, and 3. These were changed slightly in Step 1 to avoid
convergence problems on too many simulations when using a smaller sample size (i.e.
the simulated path of the process yields a likelihood that does not converge due to
few transitions into some of the states). The selection of the regression coefficients
required less trial and error. For Table[3.3|a hazard ratio of 0.905 was selected which is
close to the average of the hazard ratios in Table after log transformation (average
-0.11 versus -0.10). For Tables and an odds ratio of 1.051 was selected which
is to the average odds ratios in Tables [3.7| and (after log transformation and after

including the non-significant coefficients).
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The bias and mean square error (MSE) of age odds ratios in Equation for sample
sizes 300 and 1000 are shown in Table(3.3] From this table, we can see the effect of age
on all forward transitions and the backward transitions can be well estimated, with
the maximum bias 0.0439 (4.9%). Biases and MSEs stay the same when the initial
holding time assumption is violated. MSE decreases as the sample size increases but

biases stay almost the same, with the maximum difference 0.0113.
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Table lists the bias and MSE of estimated exponential hazard ratios in Equa-
tion |3.3] under different sample sizes. In this table, most of the biases are negative
and small. The changes in MSEs and biases are very small when the exponential

assumption on the holding time for the initial state is violated.
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Table [3.3| presents the bias and MSE of the estimated Weibull hazard ratios in Equa-
tion |3.4] under different sample sizes. Most of the biases are negative in this table,
indicating that our proposed estimation method will slightly underestimate the effect
of age. It is also clear that violations to the distributional assumptions on the holding
time for the initial state lead to moderately worse biases and MSEs. Additionally,
increasing sample size decreases the bias and MSEs. For examples, the bias and MSE
are -0.0234 and 0.77 for model assumption with sample size 300 and 0.0230 and 0.61

with sample size 1000.

A clear pattern that is perceivable from these three tables, especially Table [3.3] and
3.3, is that the bias does not shrink to zero as the sample size increases from 300 to
1000, which suggests that our estimation method may yield slightly biased estimates.
The systematic bias may have two sources. The first one is due to our data generating
mechanism. Specifically, we use exponential, Weibull or generalized Weibull distri-
bution, to generate the holding time and naturally we will occasionally encounter
a transition with very short holding times, which will result in missing transitions
under intermittent observation scheme. The second one relates to our treatment of
Pie, In where we approximate the value of Py, at wy by its value at the upper
bound w;. While this approximation greatly facilitates our computation it affects our

ability to precisely estimate the parameters.

These simulation studies indicate that estimation for the effect of an important co-
variate in Equations and is robust against a violation of the exponential
assumption on the holding time for the initial state provided the sample size is large
enough to assure adequate observations on all transitions. This is not true for es-
timation in Equation |3.4] where the lack of robustness is likely due to the effect of

interval censoring on both ends of the estimation interval for the hazard function.
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3.4 Application to the Nun Study

The Nun Study began enrolment in 1991. The cohort consists of 672 members of the
School Sisters of Notre Dame born before 1917 and living in retirement communities in
the midwestern, eastern, and southern United States. The participants were recruited
in phases and received annual cognitive assessments with brain donation at death.
Analyses were based on data from up to ten unevenly spaced examinations, with
time spans between two assessment ranging from 0.421 to 3.911 and mean 1.441,
made in fifteen-year period. The status of a participant at each visit was recorded as
being one of the states: intact cognition, mild cognitive impairments (M.C.I.), global
impairments (G.I.), or dementia [51]. A total of 211 subjects were excluded from the
study due to: missing examinations, presence of dementia at baseline visit or missing
APOE4 data. The final analytic sample consisted of 461 participants, of which 74
survived without dementia, 162 developed dementia and 225 died before converting to
dementia. Among those final participants, 158 of them missed one examination and
7 of them had more than one missing examinations. The variables of interest include
presence or absence of the APOE-4 allele (APOE4), education (no college, college
and graduate education (reference)), and age. The transitions among the cognitive

states are summarized in Figure [3.1}

3.4.1 Examples of Nun’s Cognitive Paths

To better understand the data, we classified the trajectory of each Nun using three
criteria. (i) Initial state: 1, 2, or 3. (ii) Final state: 1, 2, 3, 4, or 5 and (iii) Path
type: non-terminal, right shift, or reversal. Non-terminal means final observed state
is transient (i.e. 1, 2 or 3). Right shift means the final state is 4 or 5 and no back
transition occurred. Reversal means the final state is 4 or 5 and at least one back

transition occurred. The frequency of non-terminal, reversal and right shift paths,

are 74 (16.1%), 131 (28.4%), and 256 (55.5%), respectively implying back transitions
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2=Mild
Cognition
Impairment

4=Dementia

1=Intact
Cognition

Impairment

Figure 3.1: Frequency of the one-step transitions.

in these data frequently occurred. Table shows some examples of these cognitive
paths. The two most frequently observed paths are 2 — 4 and 2 — 5 with 100 out
of 461 (21.7%) nuns having those trajectories. The total number of distinct paths
observed in the Nun dataset is 84 but 32 of those have a frequency one (not shown

in the table).

3.4.2 Risk Factors

The main purpose of this subsection is to identify the risk factors associated with the

probability and the holding time of each transition.

Table shows the frequency table for the integration orders of the likelihood [3.6]
From the table, we can see the highest order of integration is 8 and the percentage

of integration order higher than 3 is 14.31%, which makes the use of the traditional
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Visit Pattern Freq Initial State Final State  Path Type

1 11 1 1 Non-terminal
2—4 61 2 4 Right Shift
2—5 39 2 5 Right Shift
3—4 23 3 4 Right Shift
2—3—5 32 2 5 Right Shift
2—3—4 30 2 4 Right Shift
2—1—=2—-5 14 2 ) Reversal
3—2—3—5 3 3 ) Reversal
1-2—=1=23—=5 4 1 ) Reversal
1-+3—1—=23—=5 2 1 5 Reversal
2—=1-2—-1-2 3 2 2 Non-terminal
2—3—2—=3—4 5 2 4 Reversal

Table 3.4: Examples of Nun’s cognitive path

GAUSS method difficult. Therefore, we implemented a quasi-random Monte Carlo
(QMC) method [7] which will provide considerably better accuracy with much fewer
draws and less computational time to estimate the likelihood function. In this disser-
tation, we choose 1000 draws with the average computational time about 30 minutes.
The parameters associated with transition 1 — 4 are eliminated from our model since
there are only 5 such transitions (Figure . Therefore, we have 942 transitions in
the final analytic data which is a moderate number compared to the 145 potential
parameters without interactions in our full model. Backward elimination with sig-
nificance level to stay 0.05 was used to identify the covariates in the final reported

model and only 57 remained after backward selection.

The odds ratios and 95% confidence intervals for the significant covariates affecting

each transition probability are provided in Table (base state: H=death). The
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Order of integration Count Relative frequency Cumulative Relative frequency

0 63 13.67 13.67
1 177 38.39 52.06
2 108 23.43 75.49
3 47 10.20 85.69
4 36 7.83 93.50
5 13 2.82 96.32
6 8 1.74 98.06
7 7 1.52 99.58
8 2 0.43 100

Table 3.5: Frequency table of order of integration of the likelihood

reversal path is more likely in younger Nuns. For example, the odds ratios for the
three possible backward transitions (2 — 1,3 — 1 and 3 — 2) with one year increases
in age are 0.927, 0.804 and 0.900 respectively, as opposed to death. The effect of age
for all the forward transitions is not significant as opposed to death except 3 — 4.
Concerning the effect of APOE4 or education, the results show that the presence of
APOE4 and no college education decreases the odds of the backward transition from
mild impairments to intact cognition with the corresponding odds ratios being much
less than 1, but the presence of APOE4 and college education increases the odds
of a forward transition. The result is consistent with the historical result that the
presence of APOE4 and college education promotes the probability of a right shift
compared to reversal. Presence of APOE4 will promote the Nuns to dementia if the
prior state is global impairment with OR=2.623 (p-value=0.0021).

The effects of covariates on the duration time for the initial state that follows an
exponential distribution are also tested (see Table . Baseline age, APOE4 and
education all have no significant influence on the holding time of transitions out of

intact cognition or the global impairment. Baseline age increases the hazard ratio of
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Transition Covariate Odds Ratio 95% Low 95% Upper P-value
2—1 Apoed 0.363 0.1842 0.7137 0.0034
2—3 Apoed 1.726 1.0313 2.889 0.0379
3—4 Apoed 2.623 1.4232 4.8337 0.0021
2—1 No College 0.249 0.1051 0.5895 0.0016
1—-2 College 1.661 1.0174 2.7118 0.0425
2—3 College 1.734 1.2459 2.4112 0.0011
2—1 Age 0.927 0.892 0.9616 <.0001
3—1 Age 0.804 0.7653 0.8446 <.0001
3—2 Age 0.900 0.8763 0.9231 <.0001
3—4 Age 0.975 0.9573 0.9918 0.004

States: 1=Intact Cognition, 2=Mild Cognitive Impairment, 3=Global Impairment, 4=Dementia;

Table 3.6: The odds ratio and confidence interval for significant effects on each tran-

sition probability (base state: 5=Death)

transitions moving out of mild impairments to states 1, 3, and 4 with a hazard ratio

1.091, 1.101, and 1.063 respectively. Presence of APOE4 and no college education

significantly promote the transition 2 — 3, by shorter the holding time with hazard

ratio 2.386 and 3.191 respectively.

Transition  Covariate =~ Hazard Ratio 95% Low 95% Upper  P-value
2—3 Apoe4 2.386 1.369 4.159 0.0022
2—3 No College 3.191 1.496 6.809 0.0028
2—1 Baseline Age 1.091 1.017 1.17 0.0158
2—3 Baseline Age 1.101 1.049 1.154 0.0001
2—4 Baseline Age 1.063 1.010 1.119 0.0213

Hazard ratio for baseline age is the hazard ratio for a one year increase in age.

Table 3.7: The hazard ratio and confidence interval for significant covariates in the
exponential distribution
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Table lists the hazard ratio and 95% confidence interval estimate for significant
effects in the non-initial transitions assuming Weibull distribution. Increasing in age
increases the hazard ratio for almost all the transitions to the three transient states
and death, except dementia. In other words, as the Nun gets older, the holding time
at each state will be shorter on average, which makes the homogeneous semi-Markov
model inappropriate. There are no differences on the holding time for transitions
2 to 3 and 2 to 5 when the Nun’s gets one year older. The holding time will be
shorter for transition from 1 to 5 than to 3 with the corresponding hazard ratio 1.349
versus 1.243. APOE promotes forward transitions by shorter the holding time from
1 to 2 and 1 to 3 with the corresponding hazard ratios 2.569 and 16.856 respectively.
Also if nun is in state 3, APOE keeps a nun from being demented by longer the
holding time. No college education has an influence on the transitions to dementia
with hazard ratio 9.575 and 0.290 for prior state 2 and 3, respectively. Some of the
hazard ratios are much larger than the majority of the hazard ratios partially due to
the rare observations we have. For example, we only have 3 observations in the Nun
Study data for transition from 1 to 3 with the presence of APOEA4.

The estimates, standard deviation, and p-values of the shape parameters k;; of the
Weibull distributions are summarized in Table 3.9 The highly significance of these

parameters justifies the use of Weibull distributions over exponential distributions.

3.5 Discussion and Conclusion

In this dissertation we implemented a quasi-Monte Carlo (QMC) method to evaluate
the likelihood function in a semi-Markov process with interval censored observations
and backward transitions. To the best of our knowledge few researchers consider
the case of semi-Markov processes with backward transitions in the presence of in-
terval censored data. We showed that use of the QMC makes the computation of

the likelihood function possible provided we assume that the time interval from the
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Transition Covariate Hazard Ratio 95% Low 95% Upper P-value

152 Apoed 2.569 1.168 5.65 0.019
1-53 Apoed 16.856 2.072 137.14 0.008
3—4 Apoed 0.286 0.13 0.634 0.002
254 No College 9.575 1.315 69.735 0.026
354  No College 0.29 0.09 0.934 0.038
152 Age 1.06 1.012 1.11 0.014
13 Age 1.243 1.114 1.386 1.001
15 Age 1.349 1.187 1.534 1.001
21 Age 1.064 1.007 1.125 0.028
23 Age 1.09 1.027 1.158 0.005
255 Age 1.092 1.028 1.16 0.005
35 Age 1.055 1.013 1.097 0.01

Hazard ratio in age is the hazard ratio for one year increase in age.

Table 3.8: The hazard ratio and confidence interval estimate for significant effects in
the Weibull distribution

initial state to the first transition is exponentially distributed and that no additional

transitions occur between successive observations of the process.

Application of our method to the Nun Study data showed that older age diminishes
the chances that any back transition occurs while less than a college education and
presence of an APOE 4 allele diminishes the chance of a back transition to the nor-
mal cognitive state from the mild cognitive impairments state. Further, if the latter
transition does occur the time interval associated with this transition is significantly
abbreviated by older age. The reason additional factors are not significant for back
transitions likely have to do with the small frequency of some of these transitions as
shown in Figure [3.1] The use of a semi-Markov process in this application is moti-

vated by up to ten serial assessments (approximately every 15 months apart) over

o7



Transition Coeff. Std. Dev. p-value
1—-2 1.729 0.147 <.0001
1—3 2.145 0.360 <.0001
1—6 1.757 0.255 0.0001

2—1 1.863 0.173 <.0001
2—3 1.752 0.211 <.0001
2—4 2.384 0.454 <.0001
2—6 1.595 0.194 0.0001
3—2 1.852 0.348 0.0011
3—4 2.240 0.320 <.0001
3—6 1.352 0.122 0.0009

Table 3.9: The p-values of the significant shape parameters in the Weibull distribution

a fifteen-year period of the cognitive status of each participant in the study. It is
possible but unlikely that the cognitive status of each nun fluctuated much in the

interval between cognitive assessments meeting the assumptions of our model.

Simulation studies determined how the parameters will be estimated when the as-
sumption made on the holding time is violated. The simulation result shows that
the maximum likelihood estimates in Equations and are not sensitive to the
violation of the assumption on the holding time for the initial state. But it is sensi-
tive to the sample size due to the chance of observing few transitions. However, the
change of observing few transitions will be very rare when the sample is larger than
500. Simulation results also show there is a persistent bias in Table 1-3. This is likely
due to the replacement of wy with u; in Equation for P.,,. We recalculated the
MLEs for the Nun study by making wy, a function of ¢* in Equation [3.6} the resulting

MLESs were no different than reported here.
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Semi-Markov model has a wide application to be more accurately describing the
process of interest. However, a general problem of panel data is lack of sufficient in-
formation for the progress, such as interval censoring data or some of the important
transitions between two assessments are missing. Hence, despite the advantage of the
semi-Markov process, the applications to the semi-Markov are limited as compared

to Markov process.

Copyright© Shaoceng Wei, 2015.
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Chapter 4 Cause-Specific Hazard Estimation for the Interval Censored

Competing Risk Data

Cause-specific hazard is an important function in competing risk studies. It de-
scribes the hazard associated with a certain cause after accounting for other compet-
ing causes. In this dissertation, a local polynomial function is used to approximate
the log of the cause-specific hazard function when the data is subject to interval cen-
soring. The so-called “local EM algorithm” is used to find the maximum likelihood
estimator. The corresponding variance and confidence interval are obtained through
a bootstrap calibration. The methodology is justified by a simulation study and illus-
trated by an application to the Nun study, a longitudinal study of late life cognition

in a cohort of 461 subjects.

4.1 Introduction

Competing risks are common in medical research, in which a subject is often at risk
of multiple events and the occurrence of one event prevents the happening of the oth-
ers. Moreover, the exact time of some events are missing or censored due to periodic
assessment, missing clinic visit or drop out from the study. One example is the Nun
Study [51]. The follow-up ends when either death or dementia occurs. The time to
dementia is interval censored, while the time to death without a dementia is exactly

known.

Both the cumulative incidence function (CIF) and the cause-specific hazard (CSH)
function are the two functions of particular interest. Many papers in the competing
risk literature focus on the estimation of the CIF associated with a particular failure

type. The CIF is a summary statistic used more routinely than CSH. A standard
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approach of estimating and making inference on the CIF is, however, based on the
CSH [31], 34]. For example, Benichou and Gail [3] provided inference procedures
for CIF assuming the CSH follows a proportional hazards model with an unknown
constant or piecewise constant baseline hazard function. Cheng and Fin [§] showed
how to construct confidence intervals and bands for CIF under the Cox Proportional
Hazards model assumption with unspecified baseline hazard. Both works rely on the
Cox proportional hazards assumption, whereas neither provides any tools to check
the validity of the assumption. In recent years, some new approaches that directly
estimate the CIF without an assumption on the CSH were proposed, such as the
Pseudo-value approach from jackknife statistics [33, 32] and the direct binomial mod-

eling approach [48].

Since, the CIF of a particular failure accounts for CSHs of all failures, the effect of a
covariate to the CSH is different from that to the CIF. Most previous works on esti-
mation of the CSH assume right-censored data, with or without covariates. In this
dissertation, it is of interest to study the CSH in the interval-censoring framework.
In the case of no covariate adjustment, we propose a fully non-parametric method
to estimate CSHs with interval censored competing risk data. The proposed method
has the ability to incorporate covariates easily through, for example, a Proportional
hazards model. The proposed methodology is motivated by Betensky et al. [4], who
used a modified Expectation-Maximize (EM) algorithm based on the local likelihood,
the so-called “local EM algorithm”, to obtain a smooth estimate of the local hazard
function for participants subject to only one type of failure with interval censored
event times. The advantage of the proposed non-parametric hazard estimate is that
it can best describe the data and provide us some new structures, which could not be
found by parametric methods. Such a model-free approach is data driven and par-

ticularly useful for parametric model assumption checking, such as the proportional
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hazard function assumption between treatment and control groups.

This dissertation is organized as follows. In Section 4.2, we introduced the notations
and propose the modified EM algorithm. In Section 4.3, we discuss simulation studies.
Application of the proposed method to Nun’s data is applied in Section 4.4 and

conclusion and discussion are presented in Section 4.5.

4.2 Local Log-Likelihood

Here, we will give a very brief introduction to the local EM estimation of the hazard
function for interval censored data proposed by Betensky et al. [4] in Section 4.2.1.
The modified local EM estimation of CSH for interval censored competing risk data

is introduced in Section 4.2.2.

For ease of presentation, notations introduced in this dissertation will be tailored to
the Nun Study data, which features two competing risks, dementia or death without a
dementia. The extension to more general multivariate competing risk data should be
straightforward. Let Tj; be the failure time of dementia and Tj, be the failure time of
death for the ith subject, « = 1,2,--- ,n. In the presence of competing risk, we only
observe the first failure time, that is 7; = min(7};, Tjo). For right censored data, the
observed competing risk time X; = min(7;, C;) = min(T}1, Ti2, C;), where X; and C;
are the failure time and censoring time, respectively. Let ¢; be an indicator function
valued at 1 if X; = Ty, 2 if X; = Tj» and 0 otherwise. Let (L;, R;) be the interval
of X, if the failure time is interval censored. In the Nun study, time to dementia is
interval or right censored and the time to death is exactly observed or right censored.
If the event time is exactly known, we have L; = R; and if R; = oo, then the failure

time is said to be right censored.
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4.2.1 Local EM Estimation of the Hazard Function for Interval Censored

Data

Here, we will give a very brief introduction to the local EM estimation of the hazard
function for interval-censored data. In this case, we only have one event. Therefore,

g; equals 1 if the failure time is interval censored and 0 otherwise.

The hazard function for the failure time at t is defined as

Pr(t <T <t+At|T > 1)
At—0 At

A local polynomial approximation of order p of the log-hazard function at the neigh-

borhood of point t is given by
log {/\(s|t)} ~ o (s — 1)+ (s — 1P, for |s—t| < g(t),  (4.1)

where g(t) is the bandwidth and o = (ouo, s - - -, Q).

The contribution of a subject with failure time s to the log likelihood at time point

t is

(51|, R) = /LRlog M| E (57_75) ds — /LR /OS)\(u|t)K (“T_t) duds  (4.2)

where K(-) is a kernel function supported on a g¢(¢) neighborhood around t. It is
assumed to be positive and symmetric about the origin. If K(-) has compact support
on [—1, 1], only the failure time falling into the interval (¢ — g, ¢+ ¢) will contribute to
the log likelihood at time point ¢. Generally, K (-) is chosen such that K(|s|) decays
with |s|, so observations further from ¢ receive less weight in the likelihood formula-

tion, which leads to the word “local” in the name “local EM algorithm”.
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The log of the local likelihood function at time t is given by

(t) = X t|Li, Ry). (4.3)

i=1

In order to find the MLE of local log likelihood in formula , Betensky et al. [4]
proposed the “Local EM estimation” in this situation. The main idea is to iterate
between an E-step and a M-step. The E-step basically “imputes” the unobserved
event times by calculating the conditional expectation of the local log likelihood given
the observed data; the M-step maximizes the expected local log likelihood obtained

in the E-step. See Betensky et al. [4] for more details.

4.2.2 Local EM Estimation of the Hazard Function for Interval Censored

Competing Risk Data

Now, we extend the local EM algorithm in the Section 4.2.1 to allow for a competing
risk. In our working example, the Nun study, we have two competing events, death,
whose failure time is observed or right censored, and dementia, whose failure time is
interval or right censored. Let X;; be the failure time of dementia, which is partially

known and X5 be the failure time of death.

The cause-specific hazard (CSH) function of the kth competing event (k = 1,2) refers
to the instantaneous rate of a particular failure at a specific time in the presence of
all other failures. A local polynomial approximation of order p to the log of the CSH

for the ith observation with failure time x; at the neighborhood of point ¢ is given by

log{ e (wi[t)} = ey + e, (23 — ) 4+ - - + e, (2 — 1)F, for |z; —t| < g(t), (4.4)

where g(t) is the bandwidth. Let oy = (Qsy, Qpty, -+ 5 e, ), for b =1,2.

64



To formulate the likelihood function, we need the density function of each competing
event. We define the probability density function of the k-th competing event as
fx(t). Due to the competing nature among the events, f, will involve not only \; but
also the CSHs of the other competing events, which is quite different from the case
where no competing event is present. One can show the following connection (see

also [28] ):
Je(t) = Ai(t) exp <— /Ot {\i(s) + /\2(5)}d5> .

The contribution of a subject at failure time s to the log likelihood at time point ¢

now takes the form of

U(s,t) = Tey x log {)\1(5|t)} + I(e_y) x log {Ag(slt)} . /0 {Al(u|t) + )\g(u\t)}du.

In the Nun study, time to death is observed, while the time to dementia is interval
censored. In this case, we modify the local log likelihood of a failure time subject

with failure time z; subject to interval censoring at time point ¢ as:

R R o
L L 9

_/ / exp { log A1 (ult) + log )\g(u\t)}K (u ) dudz;.
L Jo g

If the failure time is observed, the contribution of a subject with failure time s at

time point ¢ is

ot = K (”””g‘t) < log {Ma(Xil1)}

T4

-1
— exp { log A1 (ult) 4 log )\g(u\t)}K (u ) du.
0 g
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If the failure time is right censored, the contribution of a subject with failure time x;

to the local log likelihood at time t is

l3(z,t) = —/ Z exp { log A1 (u|t) + log /\2(u|t)}K (u ; t) du.
0

Putting all three cases together, we have the following local log likelihood contributed
from the 7th subject at time ¢

R;
é(l‘i, tlea Rl) - / I(&‘izl) X 61 (I‘At)dxl

i

+ I(Sizg) X EQ(IZH) + I(gizg) X £3<Iz|t) (45)

The final log-local likelihood function is thus £(t) = >, (x;, t|L;, R;). One can
maximize ¢(t) with respect to the unknown « to get the MLE. But it is clear that there
is no closed form maximizer, therefore, numerical procedures are needed. Despite a
more complex likelihood function here, we find the “Local EM algorithm” in [4] is still

applicable after some important modifications. Specifically we propose the following

modified EM algorithm:

e Step 0: Choose the kernel function K, the bandwidths g = ¢g(¢) and the grid of
points of estimation ¢. For interval-censored data, set T; = (L; + R;)/2. Using

Nelson-Aalen to find the initial estimation of &y;.

e Step 1: Foreacht € ¢, set /):1(75) = exp(Qyy, ) and }\\g(t) = exp(Qat, ). The survival
function S(¢) and density function fl(t) and };(t) can be derived correspond-

ingly.
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e Step 2:For each t € ¢,

(@, Q) = argmax Ef
(a1t,002¢)

i=1

. [f e(xi,wﬁ(xi)dxi]
fL: ﬁ(mz)dxz

= argmax
(a1t7a2t) i=1

e Step 3: Repeat step 1 and 2 until convergence.

We have used here the notation

U(xit) = Iem1) X K <x J > X log{)\l(xﬂt)} + [e,=0) X K (x )

9

x log {)\g(xi|t)} - /Omi exp { log Ay (u|t) + log )\g(u|t)}K <u ; t) du,

where log { Ay (z;]t)} is approximated by a polynomial function mentioned in .
Although the formula of the M-step is very similar to the one in [4], the computa-
tional procedure is different. Under the competing risk framework, the two CSHs are
coupled in the local log-likelihood function, which further complicates the computa-

tion.

Although it is possible to choose a polynomial of any degree in the local likelihood,
it is always advisable to use 0,1 or 2. If p = 0, there is an explicit expression of the
M-step. Moreover, the computational burden to find the MLE of (a4, éa;), although
the idea is straightforward, will be heavy especially if p < 1 and it may result in
a non-convergent algorithm. In this dissertation, instead of using a higher order of
polynomial, we choose a low grid size, i.e. large number of grid points. By lowering
the grid size, we can make sure the piecewise constant CSH (Wu and Tuma [54]) is
suitable here. At the mean time, the algorithm can incorporate multiple compet-
ing risks with the combination of both observed and interval censored failure times

straightforwardly.
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The estimation of the standard error for CSH A, (f) for interval-censored data is
quite complicated. Resampling bootstrap method (Efron [12]), whose popularity is
grounded in its simplicity and no assumption on the failure time, provides a simple
yet flexible method to calculate the variance. In this dissertation, we use the quantiles
of resampling bootstrap results to estimate the confidence interval of the CSH of two

competing risks, dementia and death.

4.3 Numerical Studies

4.3.1 Simulation Studies

In this Section, we conducted some simulation studies to assess the reliability of the
proposed EM algorithm in estimating the hazard function of a particular failure. We
considered the case where both the failure times of dementia and death were gen-
erated using a Weibull hazard function A(t) = ko~ 't*~1 where & > 0 and ¢ > 0.
The different competing groups may have different choices of k and o, however, in
this dissertation only results with same parameters for the two competing groups are
shown here. In the simulation study, we chose k to be 3 and ¢ to be 20, which were
selected to make sure the simulated failure times are close to the real data. Since
the bandwidth g is very important to smooth the hazard function and balance bias
against variance, some simulation studies are also conducted to check the relationship

among h, sample size, and the bias.

The competing risk data are generated as follows.

e Step 1: Generate two random samples from the Weibull distribution. Denote
these as S; and Sy where 5] is the failure time from dementia and S5 is the

failure time from death.

e Step 2: Generate a random number from the uniform distribution supported
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on (0,q). Let the observed failure time 7" be the minimum of Sy, Sy and C. Let
ebelif T'=5,,2if T'= 55 and 0 otherwise. Here, the value of ¢ is chosen to

ensure 20 percent of the data are right-censored.

e Step 3: If € is 1, then add some noise to the failure time 7T to ensure the

maximum length is 2.41 and minimum length is 0.75.
e Step 4: Repeat Step 1-3 M times.

For each simulation, we generated 500 samples with sample size M. The simulation
results with sample size M = 200,400,800 and g = 1, 2,3 are presented in Figure

(3-1)

. The red lines are the true CSH curves of dementia: A (t) = 5 . The gray

%
lines are the estimated A\;(¢)’s. The plots show that the variations of the A;(¢)have a
positive relationship with time t and a negative relationship with the sample size M
for all three choices of h. For a small bandwidth (¢ = 1 or 2), the plots show little

bias over the entire curve, whereas for a larger bandwidth (¢ = 3) the plots show

large negative bias, especially when failure time t is large.

The result in Table 1] lists the relative bias and MSE of hazard function for the
dementia hazard rate A;(¢) at time 10.0, 12.5, 15.0, 17.5 and 20.0 with different sam-
ple size M and bandwidth g. The bandwidth g has a dominated increasing influence
in the magnitude of the bias. For example, when M=200, T=10, the relative biases
are (.68, -2.39 and 5.33 respectively for g=1,2 and 3. Sample size has an ignorable
influence in the bias as compare to the MSE, which will decrease considerably with
the increase in sample size. However, due to the existence of persistent biases, the
percentage decreases of MSE are 77%, 65% and 12% for ¢ = 1,2 and 3, when the
sample size increases from 200 to 800 respectively. Among the 3 options of band-

width, g=2 gives us uniformly smallest MSE.

69



g=1

time | CSH M=200 M=400 M=800
Relative =~ MSE | Relative MSE | Relative MSE
biases(%)  x10% | biases(%) x10% | biases(%) x10°
10 | 0.0366 0.68 38.6 1.02 19.69 1.65 8.54
12.5 | 0.0575 0.52 81.2 1.35 43.22 1.05 17.25
15 0.083 1.56 169.82 1.68 90.69 1.29 45.55
17.5 | 0.1133 2.80 421.43 2.49 202.08 2.06 117.28
20 | 0.1482 3.49 1194.53 2.82 043.96 3.81 269.48
g=2
time | CSH M=200 M=400 M=800
10.0 | 0.0366 -2.39 19.13 -2.53 9.21 -1.88 5.62
12.5 | 0.0575 -3.51 43.09 -3.06 22.61 -3.06 12.42
15.0 | 0.083 -3.86 93.02 -3.59 49.07 -3.76 29.42
17.5 | 0.1133 -4.39 204.69 -4.91 111.79 -4.61 71.65
20.0 | 0.1482 -4.90 468.49 -6.23 277.59 -5.70 164.15
g=3
time | CSH M=200 M=400 M=800
10.0 | 0.0366 -5.33 15.3 -5.80 10.09 -5.62 6.90
12.5 | 0.0575 -9.37 51.88 -9.89 43.66 -9.68 35.86
15.0 | 0.083 -12.00 145.8 -12.63 132.15 -12.59 118.81
17.5 | 0.1133 -14.21 348.07 -14.84 327.64 -14.92 306.21
20.0 | 0.1482 -16.06 759.32 -16.88 718.81 -16.86 669.81

Table 4.1: Relative bias (%) and MSE of hazard function for dementia () at time

10.0, 12.5, 15.0, 17.5 and 20.0 with different sample size M and bandwidth h
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Figure 4.1: CSH function for dementia (Red lines: true CSH curves of dementia:
M(t) = %%(371). Gray lines: the estimated A;(¢)’s.) with M = 200,400, 800 and
g=1,2,3

Choice of the bandwidth for the local log likelihood estimation of CSH is critical
and non-trivial. It is inherent in non-parametric research and has been researched
considerably. Hufthammer and Tjostheim [23] showed that local likelihood density
estimate has variance of order O{(ng)~'} and bias of order O{g? + (ng®)~'}, which
is consistent with our simulation results, that both sample size and bandwidth have
dominating influences in the variance while only bandwidth dominated the biases as
long as the sample size is moderately large. For the bandwidth selection, some of

the authors use the MSE criteria, which is to find the optimize bandwidth that will
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minimize the estimated MSE. The fixed bandwidth is simple, however, it may intro-
duce some bias at the boundary or sparse data area. A remedy to this problem is to
use a dynamic bandwidth scheme, where the bandwidth varies with the sparseness
of the data. In Betensky, et al. [5], 4], the bandwidth is choosen to make sure 40% of
the data will contribute to the local log-likelihood. It can deal with the sparse data,
however, boundary area is still a potential problem. In this dissertation, we use the
simulation study to find the optimum bandwidth using the MSE criterion since the

Nun Study data is only sparse in the right boundary area.

In summary, the simulation results show that the MSE of the CSH has a negative
relationship with sample size, while the bias has almost no relationship with the
sample size, as long as the sample size is moderately large. The biases increase with
the bandwidths, while MSEs have a concave shape relationship with the bandwidths
with a minimum at 2. For the data with a smooth increasing hazard function and a

moderate sample size, g = 2 is an appropriate choice for bandwidth.

4.3.2 The Nun Study

We illustrate the local EM likelihood methodology with a prospective cohort study
on dementia, the Nun Study data. Analyses were based on data from up to ten
unevenly spaced examinations made in fifteen-year period. For a nun the study ends
when either dementia or death occurred. Dementia is a key event subject to interval
censored event times. The lengths of the corresponding intervals range from 0.75 to
2.41 years. In this application 211 of the 672 nuns were excluded from the analysis
because, 61 (9.1%) had only one examination, 128 (19.0%) were demented at baseline
visit, and 22 (3.3%) had missing APOE4 determinations. Therefore, the final ana-
lytic sample consisted of 461 participants, of which 74 are still at risk, 162 developed

dementia and 225 died before converting to dementia.
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One well known influential factor in the progression of dementia is APOE4. Most
previous studies assumed that proportional hazards hold for the APOE4. Here, we
want to use the non-parametric method proposed in Section 4.2 to check the propor-
tional hazards assumption imposed on the effect of APOE4. At the same time, we
want to confirm the proposal by some authors that both CSH and CIF should be

reported in the competing risk study, since these may have different covariate effects.

E.C.D.F of time to dementia
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Figure 4.2: The empirical cumulative distribution function (E.C.D.F.) of time to
dementia (time = age -75) by APOE4 carrier status

In the Nun Study, 87 of 461 or 18.9% are APOE4 carriers. The median failure time
for those patients occurs near age 90. Figure shows the empirical cumulative
distribution function of time to dementia for APOE4 carrier status. The plot shows
that the APOE4 carrier is more likely to becme demented at an earleri age than a

non-carrier. Figure presents the plot of CSH estimated and piecewise confidence
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Failure time | CSH Ratio CI
5 0.40 (0.32,0.53)
7.5 0.43 (0.35,0.53)
10 0.48 (0.39,0.57)
12.5 0.49 (0.41,0.59)
15 0.43 (0.35,0.51)
17.5 0.45 (0.36,0.55)
20 0.57 (0.42,0.78)
22.5 0.93 (0.70,2.68)

Table 4.2: Estimated CSH ratio of the APOE4 effect by failure time

interval of dementia with the presence APOE 4 and absence of APOE4. The choice
of bandwidth parameter is 2, which is calculated from R package ("KernSmoonth’).
With the choice of bandwidth equals 2, we can guarantee that 15 of the failure
times contribute to the local log-likelihood except for the boundary area. From this
plot, we can see the hazard to dementia increases as the Nuns ages for both groups.
Moreover, there is a slope change for the hazard function at time of 12 years in both
of those two APOE4 groups for dementia. Despite the small differences in those
two competing events, those two plots show quit reasonable proportional hazard for
presence and absence of APOE4 status for younger nuns. However, the two CSH
curves almost cross each other when the nun gets older. The lack of proportionality
in the covariate effect in a short of period may due to vulnerability to other diseases.
Specifically, APOE 4 is a risk for Alzheimer’s disease (AD) but as a nun ages she also
becomes more susceptible to hippocampal sclerosis which is unaffected by APOE but
is often clinically not different from AD [42] . The summary statistics of CSH Ratios
of absence of APOE4 versus absence of APOE4 effects are presented in Table 4.2]
Estimated CSH ratio as a function of time.

Figure [4.4] shows the CIF’s of dementia with the present and absent of APOE4. The
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Figure 4.3: CSH function for dementia

two lines are different from the CSH in Figure 5 and are proportional to each other
over all time. The difference is partially due to CIF is a function, average over all
the CSHs before the specific time, which result in the insensitive to the change of
covariate effects. This supports the proposal by Latouche et al. [36] and Hinchliffe
and Paul [22], that a competing risk study should report both the CIFs and CSHs

side by side.

4.4 Conclusion

We proposed a modified “Local EM algorithm” to estimate a smooth hazard func-
tion subject to a competing risk under the interval censoring setting. The proposed
method provides a flexible non-parametric method to estimate the hazard function
under interval censoring and competing risk. The proposed non-parametric local

hazard estimation is useful in a variety of contexts. Firstly, because no restriction
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Figure 4.4: CSH function for dementia

or assumption on the shape of the hazard function, it can be used for exploratory
research, such as graphically checking the effects of covariates or the shape of the
baseline hazard and so on. Secondly, in the survival analysis, one always wants to
check whether time-dependent covariates have an effect on the hazard function or

not? Local hazard estimation provides a convenient way to check the assumption.

For example, the Nun’s study data, the main purpose of this study is to examine the
effects related the time and probability to dementia. Cumulative incidence function
is a good statistic to exam the joint effect of competing risks. However, checking
the proportional hazard assumption depends only on the CIF will result in biases.
Therefore, both CIF and CSH should be reported side by side in order to better

understand the structure of the data.
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The proposed “Local EM algorithm” should be very straightforward to add the pro-
portional hazard assumption for covariates at a single point, since it is a likelihood
function based algorithm. However, the extension to the hazard function that allows
for global parameters for proportional hazard is not trivial [5]. Making inferences
about the effects of the covariates is also not trivial. More research in this area
is needed. Further work is needed on the consequence for parameter estimators of
choosing different bandwidths, i.e. choosing time-dependent bandwidth versus con-

stant bandwidth.

Copyright© Shaoceng Wei, 2015.
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Chapter 5 Future Research

In this dissertation, we focus on the risk factors related to each transition and also
that related to the survival component. We are pretty satisfied with what we do so

far. However, there are some potential extensions for the future work.

The model proposed in the joint model has some obvious extensions. Firstly, only
one competing risk event is considered in this dissertation. The extension to allow for
multiple competing events is straightforward although the models will become more
complex. Another extension of the model may include considering procedures that
do not require a proportional hazard assumption. A Generalized Weibull model will

be a good choice since the hazard can be U or inverse U shaped.

In the semi-Markov setting, we only consider the situation where there is no misclas-
sification. However, misclassification is a problem, especially for subjects with very
frequently jump between two states. Therefore a possible extension of semi-Markov

model is to incorporate the information of misclassification.

Further investigation of the related model stability and verification of the model
assumptions, such as Markov assumption for the transition component, the propor-
tional hazard assumption on the survival time, and distribution of the holding time
among two transitions are all of interest. Lastly, the application to the Nun Study
data presented here emphasizes one step transition probabilities while clinically there
is interest in the long run behavior of the process. That is, instead of estimating
how a risk factor affects the odds of a transition into any impaired state at the next

assessment there is also interest in determining how each risk factor affects the risk
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of an eventual dementia diagnosis relative to dying without a dementia diagnosis.
Results similar to those provided by [56] are needed for the model discussed here as

well.

Copyright© Shaoceng Wei, 2015.

79



Appendics

1. SAS Code for Halton Squence

I proc fcmp outlib=sasuser.funcs.trial;
2 function halton(base,I);

3 J=1; H=0;
4 half=1/base;

5 do while (J>0);

6 digit=mod (J,base);

7 H=H+digit*half;

8 J=(J-digit) /base;

9 half=half/base;
10 end;
1 return (H);
12 endsub;
3 options cmplib=sasuser.funcs;

2. SAS Code for Higher Order Integration

%macro tranProb(pal,psl,curll,curl2,curl3,curl4d,curl6);
if &ps1=0 then do;

etal2=exp(intp2+apol2*apoed+coli2*edli2+gradi2*ed3+agel2*(&pal+entrage));
etal3= exp(intp3+apol3*xapoed+coll3*edl2+gradl3*ed3+agel3*(&pal+entrage));
etald=0;

etal6= exp(0);

den_etal=etal2+etal3+etald+etalb;

pl2=etal2/den_etal; pl3=etal3/den_etal;

pl4=etald4/den_etal; pl6=etal6/den_etal;
eta2l=exp(intpl+apo2l*apoed+col2l*edi2+grad21*ed3+age21*(&pal+entrage));
eta23=exp(intp3+apo23*apoed+col23*edl2+grad23*ed3+age23*(&pal+entrage));
eta24=exp(intp4+apo24*apoed+col24*edl2+grad24*ed3+age24*(&pal+entrage));
eta26= exp(0);

den_eta2=eta2l+eta23+eta24+eta26;

p2l=eta2l/den_eta2; p23=eta23/den_eta?2;

p24=eta24/den_eta2; p26=eta26/den_etal;
eta3l=exp(intpl+apo3l*apoed+col3l*edl2+grad3l*ed3+age3l*(&pal+entrage));
eta32= exp(intp2+apo32*xapoed+col32*edl2+grad32*ed3+age32*(&pal+entrage));
eta34= exp(intp4+apo34*apoed+col34*edl2+grad34*ed3+age34*(&pal+entrage));
eta36= exp(0);

den_eta3=eta31+eta32+eta34+etal3f;

p3l=eta31/den_eta3 ; p32=eta32/den_eta3 ;

p34=eta34/den_eta3 ; p36=eta36/den_eta3 ;

end;
if &psl=1 then do;

etal2= exp(intp2+apol2*apoed+coll2*edl2+gradl2*ed3+agel2*(&pal+entrage));
etal3= exp(intp3+apol3*xapoed+coll3*edl2+gradl3*ed3+agel3*(&pal+entrage));
etald=0;

etal6= exp(0);

den_etal=etal2+etal3+etald+etalb;

pl2=etal2/den_etal; pl3=etal3/den_etal;

pl4=etald4/den_etal; pl6=etal6/den_etal;
p2=pl2*&curl2+pl13*&curl3+pld*&curld+pl6*&curl6;

end ;
if &psl1=2 then do;

eta2l=exp(intpl+apo2l*apoed+col2l*edl2+grad21*ed3+age2l*(&pal+entrage));
eta23= exp(intp3+apo23*apoed4+col23*edl2+grad23*ed3+age23*(&pal+entrage));
eta24= exp(intp4+apo24*apoed+col24*edl2+grad24*ed3+age24* (&pal+entrage));
eta26= exp (0);

den_eta2=eta2l+eta23+eta24+eta26; p2l=eta2l/den_eta2; p23=eta23/den_eta?2;
p24=eta24/den_eta2; p26=eta26/den_etal;
p2=p21*&curll+p23*&curl3+p24*&curld+p26*&curl6;
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43 end;
11 if &ps1=3 then do;

45 eta3l=exp(intpl+apo3l*apoed+col3l*edl2+grad3l*ed3+age3l*(&pal+entrage));
16 eta32= exp(intp2+apo32*apoed+col32*edl2+grad32+xed3+age32*(&pal+entrage));
47 eta34= exp(intp4+apo34*apoed+col34*edl2+grad34*ed3+age3dd*(&pal+entrage));
18 eta36= exp(0); den_eta3=eta3l+eta32+eta34+eta36; p3l=etal3l/den_eta3 ;

49 p32=eta32/den_eta3 ; p34=eta34/den_eta3d ; p36=eta36/den_eta3 ;

50 p2=p31*x&curll+p32*&curl2+p34*&curl4+p36*&curl6;

51 end;

52 %mend tranProb;

53

54 Y%macro tranProbPara;

5

> Ot

intpl,intp2,intp3,intp4,

56 apol2,apol3,apo21, apo23, apo24, apo3l, apo32, apo34,
57 coll2,c0l113,co0l21, co0l23, col24, col31, col32, col34,
58 gradl2,gradl13,grad21, grad23, grad24, grad3l, grad32, grad34,
59 agel2,agel3,age2l, age23, age24, age3l, age32, age34
60 %mend tranProbPara;

61 Y%macro stateIndicator;

62 entrage ,apoe4,edl2,ed3,survival,

63 psl,prill,pril2,pril3,

64 ps2,pri21,pri22,pri23,

65 ps3,pri31l,pri32,pri33,

66 ps4,pri4l,prid2,pri43,

67 psb,pribl ,prib2,prib3,

68 ps6,pri6l ,pri62,pri63,

69 ps7,pri71,pri72,pri73,

70 ps8,pri8l ,pri82,pris83,

71 csl,curll,curl2,curl13,curld,curilé6,

72 c¢s2,cur21,cur22,cur23,cur24,cur26,

73 ¢s3,cur31,cur32,cur33,cur34,cur36,

74 csd,curdl ,curd2,curd3d,curdd,curdé6,

75 c¢sb,curb1,curb52,curb53,curb4,curb6,

76 cs6,cur6l,cur62,cur63,cur64,cur66,

77 ¢s7,cur71,cur72,cur73,cur74,cur76,

78 cs8,cur81,cur82,cur83,cur84,cur86,

79 pal,pa2,pa3,pad,pab,pab6,pa7,pa8,

80 cal,ca2,ca3,cad4,cab,cab6,ca7,ca8

81 %mend stateIndicator;

82 Y%macro weibullPara;

83 k12, sigmal2,k13, sigmal3,k16, sigmal6,

84 k21, sigma21,k23, sigma23,k24, sigma24,k26, sigma26,
85 k31, sigma31,k32, sigma32,k34, sigma34,k36, sigma36,
86 agell2,agell3,agell6,

87 agel2l ,agel23,agel24,agel26,

88 agel31,agel32,agel34,agel36

89 %mend weibullPara;

91 %macro weibullParaAge (uu,agell2,agell13,agell6,agel2l,agel23,agel24,agel26,agel3l,
agel132,agel34,agel36);

92 sigmafl2=sigmal2+*exp(&agell2+*(&uu+entrage));

93 sigmafl3=sigmal3*exp(&agell3*(&uu+entrage));

94 sigmafl6=sigmal6*exp (&agell6*(&uu+entrage));

95 sigmaf2l=sigma2l*exp(&agel21*(&uu+entrage));

96 sigmaf23=sigma23*exp(&agel23*(&uu+entrage));

97 sigmaf24=sigma24+*exp(&agel24*(&uu+entrage));

98 sigmaf26=sigma26+*exp(&agel26*(&uu+entrage));

99 sigmaf31=sigma31*exp(&agel31*(&uu+entrage));

0 sigmaf32=sigma32*exp(&agel32*(&uu+entrage));

| sigmaf34=sigma34*exp(&agel34*(&uu+tentrage));

2 sigmaf36=sigma36*exp(&agel36*(&uu+entrage));

3 %mend weibullParalAge;

[/ %ok ok ok ok ok K ok oK K KoK K KK K oK oK oK K KoK K KK KK K Kk /

5 proc fcmp outlib=sasuser.funcs.trial;

6 function int_firstl(n,sigmal,%weibullPara,%tranProbPara,)statelndicator);

sum=0; hl=cal-pal; do i=1 to n;

8 uu=pal+(i-0.5)*h1/n;

9 %tranProb(0,psl,curll,curl2,curl3,curl4d,curl6);
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pTran=p2;

%tranProb(uu,0,curll,curl2,curl3,curld,curil6);

sigmall=sigmal;

%weibullParaAge (uu,agell2,agel113 ,agell16,agel21,agel23,agel24,agel26,agel31,agel32,
agel34 ,agel36);

if cs1=1 then pl= pTran*pl2*1/sigmall*exp(-uu/sigmall)*exp(-(survival -uu)**kl2/
sigmaf12)+pTran*pl3*1/sigmall*exp(-uu/sigmall)*exp(-(survival -uu)**k13/
sigmaf13)+pTran*pl6x1/sigmall*exp(-uu/sigmall)*exp(-(survival -uu) **k16/
sigmafi16) ;

if cs1=2 then

pl= pTranx*p21x*1/sigmall*exp(-uu/sigmall)*exp(-(survival-uu)**k21/sigmaf21)+pTranx*
p23*x1/sigmall*exp(-uu/sigmall)*exp (-(survival -uu)**k23/sigmaf23)+pTran*p24x*1/
sigmalli*exp(-uu/sigmall)*exp(-(survival -uu)**k24/sigmaf24)+pTran*p26*1/
sigmalixexp(-uu/sigmall)*exp (-(survival-uu)**k26/sigmaf26);

if c¢cs1=3 then

pl= pTranx*p31l*1/sigmall*exp(-uu/sigmall)*exp(-(survival-uu)**k31/sigmaf31)+pTranx*
p32*1/sigmall*exp(-uu/sigmall) *exp (-(survival -uu)**k32/sigmaf32)+pTran*p34*1/
sigmall*exp(-uu/sigmall)*exp(-(survival -uu)*+*k34/sigmaf34)+pTran*p36*1/
sigmalli*exp(-uu/sigmail)*exp(-(survival -uu)*+*k36/sigmaf36);

if cs1=4 then

pl=pTran*1/sigmall*exp(-uu/sigmall);

if cs1=6 then

pl=pTran*1/sigmall*exp(-survival/sigmall); sum=sum+pl;

end ;

sum=sum*hi/n;

return (sum);

endsub;

options cmplib=sasuser.funcs;
plib=sasuser.funcs;

/*******************************/

proc fcmp outlib=sasuser.funcs.trial
function int_firstl(n,sigmal,%weibullPara,)tranProbPara,)statelndicator)

sum=0; hl=cal-pal; do i=1 to n

uu=pal+(i-0.5)*hi1/n

%tranProb (0,psl,curll,curl2,curl3,curld,curl6)

pTran=p2

%tranProb(uu,0,curll,curl2,curi3,curld,curil6)

sigmall=sigmal

%weibullParaAge (uu,agell12,agel113 ,agell6,agel2l ,agel23,agel24 ,agel26,agel31,agel32,
agel34,agel36)

if cs1=1 then

pl= pTran*pl2*1/sigmall*exp(-uu/sigmall)*exp(-(survival-uu)*+*k12/sigmafl2)+pTran*
pl3x1/sigmall*exp(-uu/sigmall)*exp (-(survival -uu)**k13/sigmafi13)+pTran*pl6*1/
sigmalli*exp(-uu/sigmall)*exp(-(survival -uu)**k16/sigmafl6)

if cs1=2 then

pl= pTran*p2i*1/sigmall*exp(-uu/sigmall)*exp(-(survival-uu)*+*k21/sigmaf21)+pTran*
p23*x1/sigmall*exp(-uu/sigmall)*exp (-(survival -uu)**k23/sigmaf23)+pTran*p24x*1/
sigmall*exp(-uu/sigmall)*exp(-(survival -uu)*+*k24/sigmaf24)+pTran*p26*1/
sigmall*exp(-uu/sigmall)*exp(-(survival-uu)**k26/sigmaf26)

if c¢cs1=3 then

pl= pTran*p31*1/sigmall*exp(-uu/sigmall)*exp(-(survival-uu)*+*k31/sigmaf31)+pTran*
p32*1/sigmall*exp(-uu/sigmall)*exp (-(survival -uu)**k32/sigmaf32)+pTran*p34x*1/
sigmalli*exp(-uu/sigmall)*exp(-(survival -uu)**k34/sigmaf34)+pTran*p36*1/
sigmall*exp(-uu/sigmall)*exp(-(survival-uu)*+*k36/sigmaf36)

if cs1=4 then

pl=pTran*1/sigmall*exp(-uu/sigmall)

if c¢cs1=6 then

pl=pTran*1/sigmall*exp(-survival/sigmall); sum=sum+pl

end

sum=sum*hl/n

return (sum)

endsub

options cmplib=sasuser.funcs
plib=sasuser.funcs

/*******************************/
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proc fcmp outlib=sasuser.funcs.trial;
function int_first2(n,sigmal ,k2,sigma2,age2,%weibullPara,’tranProbPara,%

stateIndicator);
sum=0;
%tranProb(0,psl,curll,curl2,curl3,curl4d,curl6);
pTran=p2;
%tranProb(cal,ps2,cur2l,cur22,cur23,cur24,cur26);
pTran=pTran*p2;
%tranProb(ca2,0,curll,curli2,curl13,curld,curl6);
hl=cal-pal;
h2=ca2-pa2;
do i=20 to n+19;
uu=pal+halton(2,i)*hl;
vv=pa2+halton(3,i)*h2;
sigmall=sigmal;
sigma22=sigma2*exp (age2* (uu+entrage));
%weibullParaAge (vv,agell2,agel13,agell6,agel21,agel23,agel24,agel26,agel31,agel132
,agel34 ,agel36);
if c¢cs2=1 then
pl= pTran*pl2*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)*exp (-(vv-uu)*
*k2/sigma22)*exp(-(survival -vv)**kl12/sigmaf12)+p13*1/sigmall*exp(-uu/sigmall)
*k2/sigma22* (vv-uu) x* (k2-1) xexp (-(vv-uu) **k2/sigma22) *exp (-(survival -vv) **k13
/sigmaf13)+pl6*1/sigmalli*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**x(k2-1)*exp (-(vv
-uu) **k2/sigma22)*exp (-(survival -vv) **xk16/sigmafi6) ;
if c¢cs2=2 then
pl= pTranx*p21x*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)*exp (-(vv-uu)*
*k2/sigma22)*exp(-(survival -vv)**k21/sigmaf21)+p23*1/sigmall*exp(-uu/sigmall)
*k2/sigma22* (vv-uu) ** (k2-1) xexp (- (vv-uu) **k2/sigma22) *exp (-(survival -vv) **k23
/sigmaf23)+p24x1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)*exp (-(vv
-uu) **k2/sigma22)xexp (-(survival -vv)**k24/sigmaf24)+p26*1/sigmall*xexp(-uu/
sigmall) *xk2/sigma22* (vv-uu) **(k2-1) xexp (-(vv-uu) **k2/sigma22) *exp (-(survival -
vv) **k26/sigmaf26) ;
if c¢s2=3 then
pl= pTranx*p31x*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)*exp (-(vv-uu)*
*k2/sigma22)*exp(-(survival -vv)**k31/sigmaf31)+p32*1/sigmall*exp(-uu/sigmall)
*k2/sigma22* (vv-uu) ** (k2-1) *exp (-(vv-uu) **k2/sigma22) *exp (-(survival -vv) **k32
/sigmaf32)+p34*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1) *exp (-(vv
-uu) **k2/sigma22) xexp (-(survival-vv) **k34/sigmaf34)+p36*1/sigmalli*exp (-uu/
sigmall)*xk2/sigma22* (vv-uu)**(k2-1) *xexp (-(vv-uu) **k2/sigma22) *exp (-(survival -
vv)**k36/sigmaf36) ;
if c¢cs2=4 then
pl=1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1) *exp (-(vv-uu)**k2/sigma22
)
if c¢cs2=6 then
pl=1/sigmall*exp(-uu/sigmall)*k2/sigma22*(survival -uu)**(k2-1)*exp (-(survival -uu)
*xk2/sigma22);
sum=sum*pTran+pl;
end ;
sum=sum*pTran*hl*h2/n;
return (sum);
endsub;

options cmplib=sasuser.funcs

/*******************************/

proc fcmp outlib=sasuser.funcs.trial;

function int_first3(n,sigmal, k2,sigma2,age2,k3,sigma3,age3,%weibullPara,’
tranProbPara,)stateIndicator);
sum=0;
%tranProb(0,psl,curll,curl2,curl3,curl4d,curl6);
pTran=p2;
%tranProb(cal,ps2,cur2l,cur22,cur23,cur24,cur26);
pTran=pTran*p2;
%tranProb(ca2,ps3,cur3l,cur32,cur33,cur34,cur36);
pTran=pTran*p2;
%tranProb(ca3,0,cur4l,curd42,curd43,curd4d,cur4db);
hi=cal-pal;
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h2=ca2-pa2;

h3=ca3-pa3;

do i=20 to n+19;

uu=pal+halton(2,i)*hl;

vv=pa2+halton(3,i)*h2;

ww=pa3+halton(5,i)*h3;

sigmall=sigmal;

sigma22=sigma2*exp (age2* (uu+entrage));

sigma33=sigma3*exp (age3*(vv+entrage));

%weibullParaAge (ww,agell2,agel13 ,agell6 ,agel2l,agel23,agel24,agel26,agel31,agel32
,agel34 ,agel36);

if cs3=1 then

pl=pi12*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1) *exp (-(vv-uu) *x*k2/
sigma22)*k3/sigma33* (ww-vv)**(k3-1)*exp (-(ww-vv)**k3/sigma33)*exp (-(survival -
ww)**k12/sigmaf12)+p13*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)*
exp (-(vv-uu) **xk2/sigma22)*k3/sigma33* (ww-vv) **(k3-1) xexp (-(ww-vv) **k3/sigma33
)*exp(-(survival -ww) **k13/sigmaf13)+pl6*1/sigmall*exp(-uu/sigmall)*k2/sigma22
*(vv-uu) **(k2-1) *exp (-(vv-uu) **k2/sigma22) *k3/sigma33* (ww-vv) ** (k3-1) *exp (- (
ww-vv)**k3/sigma33)*exp(-(survival -ww) **k16/sigmaf16) ;

if ¢s3=2 then

pl=p21*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)*exp (-(vv-uu) **k2/
sigma22)*k3/sigma33* (ww-vv)**(k3-1)*xexp (-(ww-vv)**k3/sigma33)*exp (-(survival -
ww)**k21/sigmaf21)+p23*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1) *
exp (-(vvuu) **k2/sigma22)*k3/sigma33* (ww-vv)**(k3-1) xexp (- (ww-vv)**k3/sigma33)
xexp (-(survival -ww) **k23/sigmaf23)+p24*1/sigmalli*exp(-uu/sigmall)*k2/sigma22x*
(vv-uu) ** (k2-1) *exp (-(vv-uu) **k2/sigma22) *k3/sigma33* (ww-vv) ** (k3-1) xexp (- (ww
-vv)**xk3/sigma33)*xexp (-(survival ~ww) **k24/sigmaf24)+p26*1/sigmall*exp (-uu/
sigmall)*xk2/sigma22* (vv-uu)**(k2-1) *xexp (-(vv-uu) **k2/sigma22)*k3/sigma33* (ww-
vv)*x* (k3-1) xexp (- (ww-vv)**k3/sigma33) *exp (-(survival -ww) **k26/sigmaf26) ;

if c¢cs3=3 then

pl= pTran*p31*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)*exp (-(vv-uu)*
*k2/sigma22)*k3/sigma33* (ww-vv)**(k3-1) xexp (-(ww-vv)**k3/sigma33)*exp (-(
survival -ww) **k31/sigmaf31)+p32*1/sigmall*xexp(-uu/sigmall)*k2/sigma22*(vv-uu)
*% (k2-1) *exp (-(vv-uu) **xk2/sigma22)*k3/sigma33* (ww-vv)** (k3-1) *exp (-(ww-vv) *x*
k3/sigma33) *xexp (-(survival -ww) **k32/sigmaf32)+p34*1/sigmall*exp(-uu/sigmall)*
k2/sigma22* (vv-uu) ** (k2-1) *xexp (-(vv-uu) **xk2/sigma22) *k3/sigma33* (ww-vv) *x* (k3
-1)*exp (-(ww-vv)**k3/sigma33)*exp (-(survival -ww) **xk34/sigmaf34)+p36*1/sigmall
xexp (-uu/sigmall) *k2/sigma22* (vv-uu) **(k2-1) xexp (-(vv-uu) **xk2/sigma22) xk3/
sigma33* (ww-vv)**(k3-1)*exp (-(ww-vv)**xk3/sigma33)*exp (-(survival -ww) **k36/
sigmaf36);

if ¢s3=4 then

pl=1/sigmall*exp(-uu/sigmall)*k2/sigma22*(vv-uu)**(k2-1) *exp (-(vv-uu)**k2/sigma22
)*k3/sigma33* (ww-vv)**(k3-1) *exp (- (ww-vv)**k3/sigma33) ;

if c¢cs3=6 then

pl=1/sigmall*exp(-uu/sigmall)*k2/sigma22*(vv-uu)**(k2-1) *exp (-(vv-uu)**k2/sigma22
)*k3/sigma33* (survival -vv) ** (k3-1) xexp (-(survival -vv)**k3/sigma33) ;

sum=sum*pTran+pl;

end ;

sum=sum*pTran*hl1*h2*h3/n;

return (sum);

endsub;
options cmplib=sasuser.funcs;

3 /*******************************/

> proc fcmp outlib=sasuser.funcs.trial;

function int_first4(n,sigmal , k2,sigma2,age2,k3,sigma3,age3,k4,sigmasd, aged,’
weibullPara,)tranProbPara,)stateIndicator);

sum=0;
%tranProb(0,psl,curll,curl2,curi3,curld,curl6);
pTran=p2;
%tranProb (cal,ps2,cur2l,cur22,cur23,cur24,cur26) ;
pTran=pTran*p2;
%tranProb (ca2,ps3,cur3l,cur32,cur33,cur34,cur36) ;
pTran=pTran*p2;
%tranProb (ca3,ps4,cur4l,cur42,cur43,curd4d,curdb);
pTran=pTran*p2;
%tranProb(ca4,0,curb51,cur52,curb53,curb54,curb6);
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hi=cal-pal;
h2=ca2-pa2;
h3=ca3-pa3;
h4=cad4d-pa4d;
do i=20 to n+19;
uu=pal+halton(2,i)*hl;
vv=pa2+halton(3,i)*h2;
ww=pa3+halton(5,1i)*h3;
xx=pad+halton(7,1i)*h4;
sigmall=sigmal;
sigma22=sigma2*exp (age2* (uu+entrage)) ;
sigma33=sigma3*exp (age3*(vv+entrage));
sigmad44=sigmad*exp (aged* (ww+entrage)) ;
%weibullParaAge (xx,agell12,agel13,agell6,agel21,agel23 ,agel24,agel26,agel31,agel32
,agel34 ,agel36);
if cs4=1 then
pl=pl2*1/sigmall*exp(-uu/sigmall) *k2/sigma22* (vv-uu) **(k2-1) *exp (-(vv-uu) **k2/
sigma22)*k3/sigma33* (ww-vv)**(k3-1)*exp(-(ww-vv)**xk3/sigma33)+*k4/sigmadd* (xx-
ww) ** (k4-1) *exp (- (xx-ww) **k4/sigmad4d) *exp (-(survival -xx) **k12/sigmaf12)+p13x*1
/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)*exp (-(vv-uu)**k2/sigma22
)*k3/sigmal33* (ww-vv)**(k3-1) *exp (-(ww-vv)**k3/sigma33)*k4/sigmadd* (xx-ww) ** (
k4-1) *exp (- (xx-ww) **k4/sigmad4) *xexp (-(survival -xx) **xk13/sigmaf13)+pl6x*1/
sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1) xexp (-(vv-uu) **k2/sigma22)
*k3/sigma33* (ww-vv)**x(k3-1)*exp(-(ww-vv)**k3/sigma33)*kd/sigmadd* (xx-ww) ** (k4
-1) *exp (- (xx-ww) **k4/sigmadd)*xexp (-(survival -xx) **xk16/sigmafi16) ;
if cs4=2 then
pl=p21*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1) *exp (-(vv-uu) **k2/
sigma22)*k3/sigma33* (ww-vv)**(k3-1)*xexp (-(ww-vv)**k3/sigma33)*k4/sigmadd*(xx-
ww) *x* (k4-1) xexp (- (xx-ww) **k4/sigmadd)*exp (-(survival -xx) **xk21/sigmaf21)+p23*1
/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)*exp(-(vv-uu)**k2/sigma22
)*k3/sigma33* (ww-vv)**(k3-1) xexp (- (ww-vv)**k3/sigma33)*k4/sigmadsd* (xx-ww) **(
k4-1) *exp (- (xx-ww)**k4/sigmad4) *exp (-(survival -xx)**k23/sigmaf23)+p24x*1/
sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1) xexp (-(vv-uu)**k2/sigma22)
*k3/sigma33* (ww-vv)**(k3-1)*exp (-(ww-vv)**k3/sigma33)*k4/sigmadd* (xx-ww) ** (k4
-1)*exp (-(xx-ww) **k4/sigmadd)*xexp (-(survival -xx) **xk24/sigmaf24)+p26*1/sigmall
xexp (-uu/sigmall) *k2/sigma22* (vv-uu) ** (k2-1) xexp (-(vv-uu) **xk2/sigma22) xk3/
sigma33* (ww-vv)**x(k3-1) xexp (-(ww-vv)**xk3/sigma33)*k4/sigmadd* (xx-ww)*x* (k4-1)*
exp (-(xx-ww)**xk4/sigmad4d)*xexp (-(survival -xx)**k26/sigmaf26) ;
if cs4=3 then
pl= pTran*p31*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)*exp (-(vv-uu)*
*k2/sigma22)*k3/sigma33* (ww-vv)**(k3-1) *xexp (-(ww-vv)**k3/sigma33)*k4/sigmaddx*
(xx-ww)**x(k4-1) *exp (- (xx-ww) **k4/sigmad4d) *exp (-(survival -xx)**k31/sigmaf31)+
p32*1/sigmall*exp(-uu/sigmall) *k2/sigma22* (vv-uu)**(k2-1)*xexp (-(vv-uu) **xk2/
sigma22)*k3/sigma33* (ww-vv)**(k3-1)*exp (- (ww-vv)**xk3/sigma33)*k4/sigmads* (xx-
ww) *x* (k4-1) xexp (- (xx-ww) **k4/sigmadd)*xexp (-(survival -xx) **xk32/sigmaf32)+p34*1
/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)*xexp (-(vv-uu)**k2/sigma22
)*k3/sigma33* (ww-vv)**(k3-1) xexp (- (ww-vv)**k3/sigma33)*k4/sigmadsd* (xx-ww) **(
k4-1) *exp (- (xx-ww)**k4/sigmad4) *exp (-(survival -xx)**k34/sigmaf34)+p36*1/
sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1) xexp (-(vv-uu)**k2/sigma22)
*k3/sigma33* (ww-vv)**(k3-1)*exp (-(ww-vv)**k3/sigma33)*k4/sigmadd* (xx-ww) ** (k4
-1)*exp (-(xx-ww) **k4/sigmadd)*xexp (-(survival -xx) **xk36/sigmaf36) ;
if cs4=4 then
pl=1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)*exp(-(vv-uu)**k2/sigma22
)*k3/sigma33* (ww-vv)**(k3-1) *exp (- (ww-vv)**k3/sigma33)*k4/sigmadd* (xx-ww) *x*(
k4-1) *exp (-(xx-ww)**k4/sigmad4) ;
if cs4=6 then
pl=1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1) *exp (-(vv-uu)**k2/sigma22
)*k3/sigmal33* (ww-vv)**(k3-1)*exp (-(ww-vv)**k3/sigma33) *kd/sigmadd* (xx-ww) ** (
k4-1) *exp (-(survival -ww) **k4/sigmadd) ;
sum=sum*pTran+pl;
end;
sum=sum*pTran*hl1*h2*h3*h4/n;
return (sum) ;
endsub;
options cmplib=sasuser.funcs;

3/ sk sk ok ok sk ok ok sk ok ok sk ok ok ok sk ok ok sk ok ok sk ok ok sk ok ok kok ok ok /
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280 proc fcmp outlib=sasuser.funcs.trial;
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function int_first5(n,sigmal , k2,sigma2,age2,k3,sigma3,age3 ,k4,sigmasd,aged kb,
sigmab ,ageb ,)weibullPara,’)tranProbPara,%stateIndicator);
sum=0;
%tranProb(0,psl,curll,curl2,curl3,curld,curl6);
pTran=p2;
%tranProb(cal,ps2,cur2l,cur22,cur23,cur24,cur26) ;
pTran=pTran*p2;
%tranProb (ca2,ps3,cur3l,cur32,cur33,cur34,cur36) ;
pTran=pTran*p2;
%tranProb (ca3,ps4,cur4l,curd42,curd43,curd4d,curd6);
pTran=pTran*p2;
%tranProb(cad4,psb,curbl,cur52,cur53,curb54,curb6);
pTran=pTran*p2;
%tranProb(cab5,0,cur61,cur62,cur63,cur64,cur66) ;
hil=cal-pal;
h2=ca2-pa2;
h3=ca3-pa3;
h4=cad4-pa4;
h5=cab-pab;
do i=20 to n+19;
uu=pal+halton(2,i)*hl;
vv=pa2+halton(3,i)*h2;
ww=pa3+halton(5,1i)*h3;
xx=pad+halton(7,1i)*h4;
yy=pab+halton(11,i)*h5;
sigmall=sigmal;
sigma22=sigma2*exp (age2* (uu+entrage)) ;
sigma33=sigma3*exp (age3*(vv+entrage));
sigmad44=sigmad*exp (aged*(ww+tentrage));
sigmab5=sigmab*exp (age5*(xx+entrage));
%weibullParalAge (yy,agell2 ,agell13 ,agell6 ,agel2l ,agel23,agel24 ,agel26,agel3l ,agel32
,agel34 ,agel36);
if c¢sb5=1 then
pl=pl12*1/sigmall*exp(-uu/sigmall)*k2/sigma22*(vv-uu)**(k2-1) *exp (-(vv-uu) **xk2/
sigma22)*k3/sigma33* (ww-vv)**(k3-1) xexp (-(ww-vv)**k3/sigma33)+*k4/sigmadd* (xx-
ww) ** (k4-1) *exp (- (xx-ww) **k4/sigmad4d) *k5/sigmabb* (yy-xx) **(k5-1) xexp (- (yy-xx)
**xk5/sigmabb6)*xexp (-(survival-yy)**k12/sigmaf12)+p13*1/sigmalli*exp(-uu/sigmail
)*k2/sigma22* (vv-uu) ** (k2-1) xexp (- (vv-uu) **k2/sigma22)*k3/sigma33* (ww-vv) *x*(
k3-1) *exp (- (ww-vv)**k3/sigma33)*k4/sigmads* (xx-ww)**x(kd-1) *exp (-(xx-ww) **xk4/
sigma44)*k5/sigmabb* (yy-xx)**(k5-1)*exp (-(yy-xx)**k5/sigmab5)*exp (-(survival -
yy)**k13/sigmaf13)+p16*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1) *
exp (-(vv-uu) **xk2/sigma22)*k3/sigma33* (ww-vv) **(k3-1) xexp (- (ww-vv)**k3/sigma33
)*k4/sigmadd* (xx-ww)**(k4-1) *exp (-(xx-ww) **k4/sigmad4)*k5/sigmab5* (yy-xx) *x*(
k5-1) *exp (- (yy-xx)**k5/sigmabb)*xexp (-(survival-yy)**xk16/sigmaf16);
if csb5=2 then
pl=p21*1/sigmall*exp(-uu/sigmall) *k2/sigma22* (vv-uu) **(k2-1) *exp (-(vv-uu) **k2/
sigma22)*k3/sigma33* (ww-vv)**(k3-1)*exp(-(ww-vv)**xk3/sigma33)+*k4/sigmadd* (xx-
ww) *x* (k4-1) xexp (- (xx-ww)**k4/sigmadd)*k5/sigmabb* (yy-xx)**x(k5-1) *exp (-(yy-xx)
**kb5/sigmab5)*exp (-(survival -yy)**k21/sigmaf21)+p23*1/sigmall*exp(-uu/sigmall
)*xk2/sigma22* (vv-uu) ** (k2-1) *exp (-(vv-uu) **k2/sigma22) *k3/sigma33* (ww-vv) **(
k3-1) *exp (- (ww-vv)**k3/sigma33)*k4/sigmads* (xx-ww)**x(kd-1) *exp (- (xx-ww) **xk4d/
sigma44)*k5/sigmabb* (yy-xx)*x*(k5-1) *exp (-(yy-xx)**k5/sigmabb) *exp (-(survival -
yy)**k23/sigmaf23)+p24*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)*
exp (-(vv-uu) **xk2/sigma22)*k3/sigma33* (ww-vv) **(k3-1) xexp (-(ww-vv) **k3/sigma33
)*k4d/sigmadd* (xx-ww)**(kd-1) xexp (-(xx-ww)**kd/sigmadd)*k5/sigmabb* (yy-xx) **(
k5-1) *exp (-(yy-xx)**k5/sigmabb6) *exp (-(survival -yy) **k24/sigmaf24)+p26*1/
sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1) xexp (-(vv-uu)**k2/sigma22)
*k3/sigma33* (ww-vv)*x*(k3-1) xexp (- (ww-vv)**k3/sigma33)*k4/sigmadd* (xx-ww) ** (kd
-1)*exp (- (xx-ww) **k4/sigmad4) *k5/sigmab5* (yy-xx) **(k5-1) xexp (-(yy-xx) **xk5/
sigmab5)*xexp (-(survival-yy)**k26/sigmaf26) ;
if c¢cs5=3 then
pl= pTran*p31*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)*exp (-(vv-uu)*
*k2/sigma22)*k3/sigma33* (ww-vv)**(k3-1) *xexp (-(ww-vv)**k3/sigma33)*k4/sigmaddx*
(xx-ww)**(k4-1) xexp (-(xx-ww)**k4d/sigmadd)*k5/sigmabb* (yy-xx)** (k5-1) xexp (- (yy
-xx)**k5/sigmabb6) xexp (-(survival-yy)**k31/sigmaf31)+p32*1/sigmali*exp(-uu/
sigmall)*xk2/sigma22* (vv-uu)**(k2-1) *xexp (-(vv-uu) **k2/sigma22)*k3/sigma33* (ww-
vv) *x* (k3-1) xexp (- (ww-vv)**k3/sigma33)*k4/sigmadd* (xx-ww) ** (k4d-1) *exp (- (xx-ww)
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*xk4/sigmad4) *k5/sigmab5* (yy-xx) **x(kb5-1) *xexp (-(yy-xx)**k5/sigmab5) *exp (-(
survival -yy)**k32/sigmaf32)+p34*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)
*% (k2-1) *exp (-(vv-uu) **xk2/sigma22) *k3/sigma33* (ww-vv) ** (k3-1) *exp (-(ww-vv) **
k3/sigma33)*k4/sigmadd* (xx-ww)**(kd-1)*exp (-(xx-ww)**k4d/sigmad4)*k5/sigmabbx*(
yy-xx) ** (k6-1) *exp (- (yy-xx) **k5/sigmabb) *exp (-(survival -yy) **k34/sigmaf34)+
p36*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)*xexp (-(vv-uu) **xk2/
sigma22) *k3/sigma33* (ww-vv) **(k3-1) xexp (-(ww-vv)**k3/sigma33)*k4/sigmadd* (xx-
ww)*x* (kd-1) *exp (- (xx-ww)**kd/sigmadd) *k5/sigmab5* (yy-xx)**(k5-1) *xexp (- (yy-xx)
**k5/sigmabb)*xexp (-(survival -yy)**k36/sigmaf36);

317 if cs5=4 then

318 pl=1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1) *exp (-(vv-uu)**k2/sigma22
)*k3/sigma33* (ww-vv)**(k3-1)*exp (-(ww-vv)**k3/sigma33) *kd/sigmadd* (xx-ww) ** (
k4-1) *exp (- (xx-ww) **k4/sigmadd)*k5/sigmabb* (yy-xx) **x(k5-1) *exp (- (yy-xx) **k5/

sigmab5) ;
319 if c¢s5=6 then
320 pl=1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1) *xexp (-(vv-uu)**k2/sigma22

)*k3/sigma33* (ww-vv)**(k3-1) xexp (- (ww-vv)**k3/sigma33)*k4/sigmadsd* (xx-ww) **(
k4-1) *exp (- (xx-ww)**k4/sigmad4)*k5/sigmabb*(survival -xx)** (k6-1) *exp (- (
survival -xx)**kb5/sigmab5) ;

321 sum=sum*pTran+pl;

322 end;

323 sum=sum*pTran*hl1*h2*xh3*xh4*h5/n;
324 return (sum);

325 endsub;
326 options cmplib=sasuser.funcs;

328/ %k %k 5k %k sk %k sk % sk %k >k %k kK %k ok %k >k % >k >k %k >k k k Kk k Kk kk /

2

30 proc fcmp outlib=sasuser.funcs.trial;

31 function int_first6(n,sigmal , k2,sigma2,age2,k3,sigma3,age3 ,k4,sigmasd,aged kb,
sigmab ,ageb ,k6,sigma6 ,ageb,%weibullPara,)tranProbPara,’%statelndicator);

332 sum=0;

333 %tranProb(0,psl,curll,curl2,curl3,curl4d,curl6);

334 pTran=p2;

335 %tranProb(cal,ps2,cur2l,cur22,cur23,cur24,cur26);

336 pTran=pTran*p2;

337 %tranProb (ca2,ps3,cur3l,cur32,cur33,cur34,cur36) ;

338 pTran=pTran*p2;

339 %tranProb (ca3,ps4,cur4dl,curd42,curd43,curdd,curdb);

340 pTran=pTran*p2;

341 %tranProb (cad,psb,curbl,cur52,curb53,curb4,curb6) ;

342 pTran=pTran*p2;

343 %tranProb (cab,ps6,cur6l,cur62,cur63,cur64,cur66) ;

344 pTran=pTran*p2;

345 %tranProb(ca6,0,cur71,cur72,cur73,cur74,cur76);

346 hi=cal-pail;

347 h2=ca2-pa2;

348 h3=ca3-pa3;

349 h4=cad4d-pa4d;

350 h5=cab-pab;

351 h6=ca6-pa6;

352 do i=20 to n+19;

353 uu=pal+halton(2,i)*hl;

354 vv=pa2+halton(3,i)*h2;

355 ww=pa3+halton(5,1i)*h3;

356 xx=pad+halton(7,1i)*h4;

357 yy=pab+halton(11,1i)*h5;

358 zz=pa6+halton(13,1i)*h6;

359 sigmall=sigmal;

360 sigma22=sigma2*exp (age2* (uu+tentrage));

361 sigma33=sigma3*exp(age3*(vv+entrage));

362 sigmad4=sigmad*exp (aged* (ww+entrage)) ;

363 sigmab5=sigmab*exp (age5*(xx+entrage));

364 sigma66=sigma6*exp (age6* (yy+tentrage)) ;

365 %weibullParaAge (zz,agel12,agell13 ,agell6 ,agel2l ,agel23,agel24,agel26,agel31,agel32
,agel34 ,agel36);

366 if cs6=1 then

367 pl=pi12*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1) *exp (-(vv-uu) *x*k2/
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sigma22)*k3/sigma33* (ww-vv)**(k3-1) *exp (-(ww-vv)**k3/sigma33)+*k4/sigmadd*(xx-
ww)*x* (k4-1) *exp (- (xx-ww)**k4/sigmadd) *k5/sigmab5* (yy-xx) **(k5-1) *exp (- (yy-xx)
**k5/sigmab5)*k6/sigma66* (zz-yy) ** (k6-1) *exp (-(zz-yy) **k6/sigma66)* exp (-(
survival -zz) *xk12/sigmafi12)+pi13*1/sigmall*exp(-uu/sigmall)*k2/sigma22*(vv-uu
)xx (k2-1) *exp (-(vv-uu) **k2/sigma22) *k3/sigma33* (ww- vv)**(k3-1)*exp (- (ww-vv)*
*k3/sigma33)*k4/sigmadd*(xx-ww)**(k4d-1) *exp (- (xx-ww)**k4/sigmadd)*k5/sigmabb*
(yy-xx)**x(k5-1) *exp (-(yy-xx) **k5/sigmabb5) *k6/sigma66* (zz-yy) ** (k6 -1) xexp (-(zz
-yy)**k6/sigma66)* exp(-(survival-zz)*+*k13/sigmaf13)+pl6*1/sigmall*exp(-uu/
sigmall) *xk2/sigma22* (vv-uu) **(k2-1) xexp (-(vv-uu) **k2/sigma22)*k3/sigma33* (ww-
vv)**% (k3-1) xexp (- (ww-vv)**k3/sigma33) *k4/sigmadd* (xx-ww) **(k4d-1) *exp (- (xx-ww
)**kd4/sigma44)*k5/sigmabb* (yy-xx)**(kb-1)*exp (-(yy-xx)*+*kb5/sigmab5) *k6/
sigma66* (zz-yy)**(k6-1) xexp (-(zz-yy) **k6/sigma66)* exp(-(survival-zz)*x*k16/
sigmafi16);
if cs6=2 then
pl=p21*1/sigmall*exp(-uu/sigmall)*k2/sigma22*(vv-uu)**(k2-1) *exp (-(vv-uu) **xk2/
sigma22)*k3/sigma33* (ww-vv)**(k3-1)*xexp (- (ww-vv)**k3/sigma3d3)*kd/sigmadd* (xx
—ww)*x*x(k4-1) *exp (- (xx-ww) **xk4/sigmad4) *k5/sigmabb* (yy-xx) **x(k5-1) xexp (- (yy-xx
)**kb5/sigmab5)*k6/sigma66*(zz-yy)** (k6-1) xexp(-(zz-yy) **xk6/sigma66)* exp (-(
survival -zz) *x*k21/sigmaf21)+p23*1/sigmall*exp(-uu/sigmall)*k2/sigma22*(vv-uu
)**x (k2-1) *exp (-(vv-uu) **k2/sigma22) *k3/sigma33* (ww- vv)**(k3-1)*exp (-(ww-vv)*
*k3/sigma33)*k4/sigmadd* (xx-ww)**(kd-1) *exp (-(xx-ww)**k4/sigmadd)*k5/sigmabbx*
(yy-xx)**(kb-1) xexp (-(yy-xx)**k5/sigmabb)*k6/sigmab66* (zz-yy) ** (k6-1) xexp (-(zz
-yy)**k6/sigma66)* exp(-(survival -zz)**k23/sigmaf23)+p24*1/sigmall*exp (-uu/
sigmall)*xk2/sigma22* (vv-uu)**(k2-1) *xexp (-(vv-uu) **k2/sigma22)*k3/sigma33* (ww-
vv)** (k3-1) *exp (- (ww-vv)**k3/sigma33)*k4/sigmad4d* (xx-ww) **(kd-1) xexp (- (xx-ww
)**k4/sigmad4)*k5/sigmab5* (yy-xx)**(kb5-1) *exp (-(yy-xx)*+*k5/sigmab5) *k6/
sigma66* (zz-yy)**(k6-1) xexp (-(zz-yy)**k6/sigma66)* exp(-(survival-zz)**k24/
sigmaf24)+p26*1/sigmall*exp(-uu/sigmall)*k2/sigma22*(vv-uu)**(k2-1)*exp (-(vv-
uu) **k2/sigma22)*k3/sigma33* (ww- vv)**(k3-1)*exp(-(ww-vv)**k3/sigma33)*k4/
sigmad4* (xx-ww)**(k4d-1) ¥exp (-(xx-ww)**xk4/sigmad4)*k5/sigmabb* (yy-xx)*x*(k5-1)*
exp (- (yy-xx)**k5/sigmab5)*k6/sigma66* (zz-yy) **x(k6-1) xexp(-(zz-yy) **k6/sigmab66
)* exp(-(survival-zz)**k26/sigmaf26);
if c¢cs6=3 then
pl= pTran*p31x1/sigmall*exp(-uu/sigmall)*k2/sigma22*(vv-uu)**(k2-1)*exp(-(vv-uu)*
*k2/sigma22)*k3/sigma33* (ww-vv)**(k3-1) *exp(-(ww- vv)**xk3/sigma33)+*k4/sigmadd
*(xx-ww)**(k4d-1) *exp (- (xx-ww) **k4/sigmadd)*k5/sigmabb* (yy-xx) **x(k5-1) *exp (-(
yy-xx)**kb5/sigmabb5)*k6/sigma66* (zz-yy)** (k6-1) *exp (-(z2z-yy)**k6/sigma66)* exp
(-(survival-zz)**k31/sigmaf31)+p32*1/sigmalli*exp(-uu/sigmall)*k2/sigma22* (vv-
uu) ** (k2-1) *exp (-(vv-uu) **k2/sigma22)*k3/sigma33* (ww- vv)**(k3-1)*exp(-(ww-vv
)**xk3/sigma33) xk4/sigmadd* (xx-ww)**(kd-1) xexp (-(xx-ww)**xkd/sigmad4d) *k5/
sigmab5* (yy-xx)**(k5-1) xexp (- (yy-xx)**kb/sigmabb)*k6/sigma66* (zz-yy)*x*x(k6-1) *
exp (-(zz-yy)**k6/sigma66)* exp(-(survival-zz)**k32/sigmaf32)+p34*1/sigmallx*
exp(-uu/sigmall)*k2/sigma22* (vv-uu)** (k2-1) *exp (-(vv-uu) **k2/sigma22) *k3/
sigma33* (ww- vv)**(k3-1)*exp(-(ww-vv)*+*k3/sigma33)*k4/sigmadd* (xx-ww)**(k4d-1)
xexp (- (xx-ww)**k4/sigmadd)*k5/sigmabb* (yy-xx)**(kb-1) *exp (- (yy-xx)**k5/
sigmab5)*k6/sigma66* (zz-yy) **(k6-1) xexp(-(zz-yy) **k6/sigma66)* exp(-(survival
-zz)**k34/sigmaf34)+p36*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)
xexp (-(vv-uu) **xk2/sigma22)*k3/sigma33* (ww- vv)**(k3-1)*exp(-(ww-vv)**xk3/
sigma33)*k4/sigmadd* (xx-ww)**(k4-1) xexp (-(xx-ww)**xk4/sigmadd)*k5/sigmab5* (yy-
xx) ** (kb-1) xexp (- (yy-xx)**k5/sigmabb) *k6/sigmab66* (zz-yy) ** (k6-1) xexp (-(zz-yy)
**k6/sigma66)* exp(-(survival-zz)**k36/sigmaf36);
if cs6=4 then
pl=1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)*exp(-(vv-uu)**k2/sigma22
)*k3/sigma33* (ww-vv)**(k3-1) *exp(-(ww-vv) **xk3/sigma33)*k4/sigmadd* (xx-ww)**(
k4-1) xexp (- (xx-ww) **k4/sigmad4)*k5/sigmabb* (yy-xx) **x(kb5-1) *exp (- (yy-xx) **k5/
sigmab5)*k6/sigma66* (zz-yy) **(k6-1) xexp (-(zz-yy) **xk6/sigma66) ;
if cs6=6 then
pl=1/sigmall*exp(-uu/sigmall)*k2/sigma22*(vv-uu)**(k2-1) *exp (-(vv-uu)**k2/sigma22
)*k3/sigma33* (ww-vv)**(k3-1) *exp(-(ww-vv) **xk3/sigma33)*k4/sigmadd* (xx-ww)** (
k4-1) *exp (-(xx-ww) **¥k4/sigmadd)*k5/sigmabbx (yy-xx) ** (k5-1) xexp (- (yy-xx) **k5/
sigmab5)*k6/sigma66* (survival -yy) **(k6-1) xexp (-(survival-yy) **k6/sigma66) ;
sum=sum*pTran+pl;
end ;
sum=sum*pTran*h1*h2*h3*h4*h5%h6/n;
return (sum);
endsub;
options cmplib=sasuser.funcs;
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384
385
386

415
116
417
418
419
120
421
422

123

128
429

/*******************************/

proc fcmp outlib=sasuser.funcs.trial;

function int_first7(n,sigmal , k2,sigma2,age2,k3,sigma3,age3 ,k4,sigmad,aged, kb,
sigmab ,ageb ,k6,sigmab ,age6 ,k7,sigma7 ,age7 ,%weibullPara ,jtranProbPara,’
stateIndicator) ;

sum=0;

%tranProb(0,psl,curll,curl2,curl3,curl4d,curl6);

pTran=p2;

%tranProb(cal,ps2,cur2l,cur22,cur23,cur24,cur26);

pTran=pTran*p2;

%tranProb(ca2,ps3,cur31l,cur32,cur33,cur34,cur36);

pTran=pTran*p2;

%tranProb (ca3,ps4,curdl,curd42,curd43,curdd,curdb);

pTran=pTran*p2;

%tranProb (cad,psb,curbl,cur52,curb53,curb4,curb6) ;

pTran=pTran*p2;

%tranProb (cab,ps6,cur6l,cur62,cur63,cur64,cur66) ;

pTran=pTran*p2;

%tranProb (ca6 ,ps7,cur7l,cur72,cur73,cur74,cur76) ;

pTran=pTran*p2;

%tranProb(ca7,0,cur81,cur82,cur83,cur84,cur86) ;

hi=cal-pal;

h2=ca2-pa2;

h3=ca3-pa3;

h4=cad4-pa4d;

h5=cab-pab;

h6=ca6-pa6b;

h7=ca7-pa7;

do i=20 to n+19;

uu=pal+halton(2,i)*hl;

vv=pa2+halton(3,i)*h2;

ww=pa3+halton(5,1i)*h3;

xx=pad+halton(7,1i)*h4;

yy=pab+halton(11,i)*h5;

zz=pa6+halton(13,1i)*h6;

aa=pa7+halton(17,i)*h7;

sigmall=sigmal;

sigma22=sigma2*exp (age2* (uu+entrage)) ;

sigma33=sigma3*exp(age3*(vv+entrage));

sigmad4=sigmad*exp (aged* (ww+entrage)) ;

sigmab5=sigmab*exp (age5* (xx+entrage)) ;

sigma66=sigma6*exp (ageb* (yy+entrage));

sigma77=sigma7*exp (age7*(zz+entrage));

%weibullParaAge (aa,agell2,agell13,agell6 ,agel2l ,agel23,agel24,agel26,agel3l,agel32
,agel34 ,agel36);

if c¢cs7=1 then

pl=pl12*1/sigmalli*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)*exp (-(vv-uu) **k2/
sigma22)*k3/sigma33* (ww-vv)**(k3-1)*exp (- (ww-vv)**k3/sigma33)*k4/sigmadsd*(xx
-ww)*x*x (kd-1) *exp (-(xx-ww) **k4d/sigmadd) *k5/sigmab5* (yy-xx) **(k5-1) xexp (- (yy-xx
)**k5/sigmab5) *k6/sigma66* (zz-yy) ** (k6-1) *exp(-(zz-yy) **k6/sigma66)* k7/
sigma77+* (aa-zz)**x(k7-1) xexp(-(aa-zz)**k7/sigma77)* exp(-(survival-aa) *x*k12/
sigmaf12)+p13*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)*exp (-(vv-
uu) **k2/sigma22)*k3/sigma33* (ww- vv)**(k3-1)*exp(-(ww-vv)**k3/sigma33)*k4/
sigmad4d* (xx-ww)**x(k4-1) *exp (-(xx-ww)**xkd/sigmad4d)*kb/sigmabb* (yy-xx)*x*(k5-1) %
exp (-(yy-xx)**k5/sigmab5)*k6/sigma66* (zz-yy) **x(k6-1) xexp (-(zz-yy) **k6/sigma66
)* k7/sigma77+*(aa-zz)**(k7-1)*exp(-(aa-zz)**k7/sigma77)* exp(-(survival-aa)**
k13/sigmaf13)+pl6*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)*exp
(-(vv-uu) **k2/sigma22)*k3/sigma33* (ww- vv)**x(k3-1)*exp(-(ww-vv)**xk3/sigma33)*
k4/sigmadd* (xx-ww)**(k4-1) xexp (-(xx-ww) **xkd/sigmad4d) *k5/sigmabb* (yy-xx) *x* (k5
-1) *exp (- (yy-xx)**k5/sigmabb) *k6/sigma66* (zz-yy) **(k6-1) xexp (-(zz-yy) **xk6/
sigma66)* k7/sigma77*(aa-zz)**x(k7-1)*exp(-(aa-zz)**k7/sigma77)* exp (-(
survival -aa)**k16/sigmaf16) ;

if ¢s7=2 then

pl=p21*1/sigmall*exp(-uu/sigmall)*k2/sigma22*(vv-uu)**(k2-1)*exp (-(vv-uu) **xk2/
sigma22)*k3/sigma33* (ww-vv)**(k3-1)*xexp (- (ww-vv)**k3/sigma33)*kd/sigmadsd* (xx
-ww) ** (k4-1) *exp (- (xx-ww) **k4/sigmad4)*k5/sigmab5* (yy-xx) **(k5-1) xexp (- (yy-xx
)**xkb/sigmabb)*k6/sigma66* (zz-yy) **(k6-1) xexp (-(zz-yy) **k6/sigma66)* k7/
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136
437
138
439
140
141
442
143
444
445
446

447
148
449
450

sigma77*(aa-zz) **x(k7-1) *xexp(-(aa-zz)**k7/sigma77)* exp(-(survival-aa) **k21/
sigmaf21)+p23*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)*exp (-(vv-
uu) **k2/sigma22)*k3/sigma33* (ww- vv)**(k3-1)*exp (-(ww-vv)**k3/sigma33)*k4/
sigmad4d* (xx-ww)**(kd-1) *xexp (-(xx-ww)**xkd/sigmad4d)*kb/sigmabb* (yy-xx) *x*(kb-1) %
exp (-(yy-xx)**xk5/sigmab5) *k6/sigma66* (zz-yy) ** (k6-1) xexp (-(zz-yy) **k6/sigma66
)* k7/sigma77%*(aa-zz)**(k7-1)*exp(-(aa-zz)**xk7/sigma77)* exp(-(survival-aa)*x*
k23/sigmaf23)+p24*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1) xexp
(-(vv-uu) **k2/sigma22)*k3/sigma33* (ww- vv)**(k3-1)*exp(-(ww-vv)**xk3/sigma33)*
k4 /sigmadd* (xx-ww)**(k4-1) xexp (-(xx-ww) **xkd/sigmad4d) *k5/sigmabb* (yy-xx) *x* (kb
-1)*xexp(-(yy-xx)**kb/sigmabb)*k6/sigmab66* (zz-yy) ** (k6-1) *exp (-(zz-yy) **xk6/
sigma66)* k7/sigma77*(aa-zz)**(k7-1)*exp(-(aa-zz)**k7/sigma77)* exp (-(
survival -aa)**k24/sigmaf24)+p26*1/sigmall*exp(-uu/sigmall)*k2/sigma22*(vv-uu)
**% (k2-1) *exp (- (vv-uu) **k2/sigma22)*k3/sigma33* (ww- vv)**(k3-1)*exp (- (ww-vv)**
k3/sigma33)*k4/sigmadd* (xx-ww)**(kd-1) *exp (-(xx-ww)**k4/sigmadd)*k5/sigmabbx*(
yy-xx) **(kb5-1) *exp (-(yy-xx) **xkb/sigmabb) *k6/sigma66* (zz-yy) ** (k6-1) xexp (-(zz-
yy) **k6/sigma66)* k7/sigma77*(aa-zz)**(k7-1)*exp(-(aa-2zz)**k7/sigma77)* exp
(-(survival -aa) **xk26/sigmaf26) ;
if ¢s7=3 then
pl= pTranx*p31x*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)*exp (-(vv-uu)*
*k2/sigma22)*k3/sigma33* (ww-vv)**(k3-1) *exp(-(ww- vv)**xk3/sigma33)*k4/sigmadd
*(xx-ww)**(kd-1)*exp (-(xx-ww)**kd/sigmadd) *k5/sigmabb* (yy-xx) ** (k5-1) *exp (- (
yy-xx)**kb/sigmabb)*k6/sigma66* (zz-yy) ** (k6-1) xexp (- (zz-yy) **k6/sigma66)* k7/
sigma77* (aa-zz)**x(k7-1)*exp(-(aa-zz)**k7/sigma77)* exp(-(survival -aa)**xk31/
sigmaf31)+p32*1/sigmalli*exp(-uu/sigmall) *k2/sigma22* (vv-uu)**x(k2-1) *exp (-(vv-
uu) **k2/sigma22)*k3/sigma33* (ww- vv)**(k3-1)*exp (-(ww-vv)**k3/sigma33)*k4/
sigma44* (xx-ww)*x*(k4-1) xexp (-(xx-ww)**k4/sigmadd)*k5/sigmabb* (yy-xx)**(k5-1) *
exp (-(yy-xx)**xkb5/sigmabb5)*k6/sigma66* (zz-yy) ** (k6-1) xexp (-(zz-yy) **k6/sigma66
)*x k7/sigma77%*(aa-zz)**(k7-1)*exp(-(aa-zz)**k7/sigma77)* exp(-(survival-aa)*x*
k32/sigmaf32)+p34*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1) xexp
(-(vv-uu) **xk2/sigma22) *k3/sigma33* (ww- vv)**(k3-1)*exp(-(ww-vv)**k3/sigma33)*
k4/sigmadd* (xx-ww)** (k4-1) *exp (- (xx-ww) **xk4/sigmad4) *k5/sigmab5* (yy-xx) ** (k5
-1)*xexp (-(yy-xx)**k5/sigmab5)*k6/sigmab66* (zz-yy) ** (k6-1) xexp (-(zz-yy) *x*k6/
sigma66)* k7/sigma77+(aa-zz)**x(k7-1)*exp(-(aa-2zz)**k7/sigma77)* exp (-(
survival-aa)**k34/sigmaf34)+p36*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)
**% (k2-1) *exp (-(vv-uu) **k2/sigma22)*k3/sigma33* (ww- vv)**(k3-1)*exp (-(ww-vv)*x*
k3/sigma33)*xk4/sigmadd* (xx-ww)** (k4-1) xexp (- (xx-ww)**k4/sigmadd)*k5/sigmabb*(
yy-xx) ** (k5-1) xexp (- (yy-xx) **k5/sigmabb) *k6/sigma66* (zz-yy) ** (k6-1) *exp (-(zz-
yy)**k6/sigma66)* k7/sigma77*(aa-zz)**(k7-1)*exp(-(aa-2zz)**k7/sigma77)* exp
(-(survival-aa)**k36/sigmaf36);
if c¢cs7=4 then
pl=1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1) *exp (-(vv-uu)**k2/sigma22
)*k3/sigmal33* (ww-vv)**(k3-1) *exp (-(ww-vv) **k3/sigma33)*k4/sigmadd* (xx-ww)*x*(
k4-1) *exp (- (xx-ww) **k4/sigmadd)*k5/sigmabb* (yy-xx) **x(k5-1) *exp (- (yy-xx) **k5/
sigmab5)*k6/sigma66* (zz-yy) **(k6-1) *k7/sigma77* (aa-zz) **(k7-1) xexp (-(aa-zz) **
k7/sigma77)* exp(-(survival-aa)**k6/sigma66) ;
if cs7=6 then
pl=1/sigmall*exp(-uu/sigmall)*k2/sigma22*(vv-uu)**(k2-1) *exp (-(vv-uu)**k2/sigma22
)*k3/sigmal33* (ww-vv)**(k3-1) *exp (-(ww-vv) **k3/sigma33)*k4/sigmadd* (xx-ww)*x*(
k4-1) *exp (-(survival -ww) **k4/sigma44)*k5/sigmab55* (survival -xx) ** (k6-1) *exp (- (
yy-xx)**xk5/sigmabb)*k6/sigma66* (zz-yy) **x(k6-1) *k7/sigma77*(aa-zz) **(k7-1) xexp
(-(aa-zz)**k7/sigma77)* exp(-(survival-aa)**k6/sigma66) ;
sum=sum*pTran+pl;
end;
sum=sum*pTran*hl*h2*xh3*xh4*xh5*xh6*h7/n;
return (sum);
endsub;

options cmplib=sasuser.funcs;

/*******************************/

proc fcmp outlib=sasuser.funcs.trial;

function int_first8(n,sigmal, k2,sigma2,age2,k3,sigma3,age3,k4,sigmasd,aged kb,
sigmab ,ageb ,k6,sigma6 ,age6 ,k7,sigma7 ,age7 ,k8,sigma8 ,age8,)weibullPara,’
tranProbPara,)stateIndicator);

sum=0;

%tranProb (0,psl,curill,curl2,curl3,curld,curil6);

pTran=p2;

%tranProb(cal,ps2,cur2l,cur22,cur23,cur24,cur26);
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493
494

pTran=pTran*p2;

%tranProb (ca2,ps3,cur3l,cur32,cur33,cur34,cur36) ;
pTran=pTran*p2;

%tranProb (ca3,ps4,cur4l,cur42,cur43,curd4d,curdb);
pTran=pTran*p2;
%tranProb(cad4,psb5,curbl,cur52,cur53,curb54,curb6);
pTran=pTran*p2;
%tranProb(cab,ps6,cur6l,cur62,cur63,cur64,cur66);
pTran=pTran*p2;
%tranProb(ca6,ps7,cur71l,cur72,cur73,cur74,cur76);
pTran=pTran*p2;
%tranProb(ca7,ps8,cur81,cur82,cur83,cur84,cur86);
pTran=pTran*p2;
%tranProb(ca8,0,cur81,cur82,cur83,cur84,cur86) ;
hi=cal-pal;

h2=ca2-pa2;

h3=ca3-pa3;

h4=cad4d-pa4d;

h5=cab-pab;

h6=ca6-pa6;

h7=ca7-pa7;

h8=ca8-pa8;

do i=20 to n+19;

uu=pal+halton(2,i)*hl;

vv=pa2+halton(3,1i)*h2;

ww=pa3+halton(5,i)*h3;

xx=pad+halton(7,1i)*h4;

yy=pab+halton(11,i)*h5;

zz=pa6+halton(13,1i)*h6;

aa=pa7+halton(17,i)*h7;

bb=pa8+halton(19,1i)*h8;

sigmall=sigmal;
sigma22=sigma2*exp (age2* (uu+entrage));
sigma33=sigma3*exp (age3*(vv+entrage));
sigmad44=sigmad*exp (aged*(ww+tentrage));
sigmabb=sigmab*exp (ageb* (xx+entrage)) ;
sigma66=sigmab6*exp (ageb6*(yy+entrage));
sigma77=sigma7*exp (age7*(zz+entrage)) ;
sigma88=sigma8*exp (age8* (aa+entrage)) ;
%weibullParaAge (bb,agel12 ,agel13,agell6,agel2l,agel23,agel24,agel26,agel3l,agel3?2

,agel34 ,agel36);

if c¢s8=1 then
pl=pil2*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1) *exp (-(vv-uu) *x*k2/

sigma22)*k3/sigma33* (ww-vv)**(k3-1)*exp(- (ww-vv)*+*k3/sigma33)*k4/sigmadd* (xx
—ww)**% (k4-1) *exp (- (xx-ww) **k4/sigmad4)*k5/sigmab5* (yy-xx) **x(k5-1) xexp (- (yy-xx
)**k5/sigmab5) *k6/sigma66* (zz-yy) ** (k6-1) xexp (-(zz-yy) **k6/sigma66)* k7/
sigma77*(aa-zz) **x(k7-1) *xexp(-(aa-zz)**k7/sigma77)* k8/sigma88x*(bb-aa)**(k8-1)
xexp (-(bb-aa)**xk8/sigma88)* exp(-(survival-bb) **kl12/sigmafl12)+pi13*1/sigmallx*
exp (-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1) *exp (-(vv-uu)**k2/sigma22) *k3/
sigma33* (ww- vv)**(k3-1)*exp(-(ww-vv)*+*k3/sigma33)*k4/sigmadd*(xx-ww)**(k4d-1)
xexp (- (xx-ww)**xk4/sigmadd)*k5/sigmab6* (yy-xx)**(k5-1) *exp (- (yy-xx) **k5/
sigmab5)*k6/sigma66* (zz-yy) **(k6-1) xexp (-(zz-yy) **k6/sigma66)* k7/sigma77*(aa
-zz)*xx (k7-1) *exp (-(aa-2zz)**k7/sigma77)* k8/sigma88*(bb-aa)**(k8-1)*exp (-(bb-
aa)**k8/sigma88)* exp(-(survival-bb)**kl13/sigmafl13)+pl6*1/sigmall*exp(-uu/
sigmall) *k2/sigma22* (vv-uu) **(k2-1) xexp (-(vv-uu) **k2/sigma22)*k3/sigma33* (ww-
vv)*x*% (k3-1) *exp (- (ww-vv)**k3/sigma33) *xk4/sigmadd* (xx-ww) **(k4-1) *exp (- (xx-ww
)**kd4/sigma44)*k5/sigmabb* (yy-xx)**(kb-1)*exp (-(yy-xx)*+*kb5/sigmab5) *k6/
sigma66* (zz-yy)**(k6-1) xexp (-(zz-yy) **k6/sigma66)* k7/sigma77*(aa-zz)**(k7-1)
xexp (-(aa-zz)**k7/sigma77)* k8/sigma88x*(bb-aa)**(k8-1)*exp(-(bb-aa)**xk8/
sigma88)* exp(-(survival -bb)**k16/sigmafl6) ;

if c¢cs8=2 then
pl=p21*1/sigmall*exp(-uu/sigmall)*k2/sigma22*(vv-uu)**(k2-1)*exp (-(vv-uu)**k2/

sigma22)*xk3/sigma33* (ww-vv)**(k3-1)*exp (- (ww-vv)**k3/sigma33)*k4/sigmadsd*(xx
-ww) *k* (k4-1) *exp (- (xx-ww)**k4/sigmad4d)*k5/sigmab5* (yy-xx)**(k5-1) xexp (- (yy-xx
)**k5/sigmab5) *k6/sigma66* (zz-yy) ** (k6-1) *exp (-(zz-yy) **k6/sigma66)* k7/
sigma77* (aa-zz)**x(k7-1) xexp(-(aa-zz)**k7/sigma77)* k8/sigma88*(bb-aa)**(k8-1)
*exp (-(bb-aa)**k8/sigma88)* exp(-(survival-bb) **xk21/sigmaf21)+p23*1/sigmallx*
exp(-uu/sigmall)*k2/sigma22* (vv-uu)** (k2-1) xexp (-(vv-uu) **k2/sigma22) *k3/
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195
496

197
498

199
500

503
504
505
506

1

sigma33* (ww- vv)**(k3-1)*exp (-(ww-vv)**xk3/sigma33)*k4/sigmadd* (xx-ww)**(k4-1)
xexp (- (xx-ww)**xk4/sigmadd)*k5/sigmabb* (yy-xx)**(k5-1) xexp (- (yy-xx) **k5/
sigmab5)*k6/sigma66* (zz-yy) ** (k6-1) xexp (-(zz-yy) **xk6/sigmab66)* k7/sigma77*(aa
-zz)** (k7-1) *exp (-(aa-zz)**k7/sigma77)* k8/sigma88*(bb-aa)**(k8-1)*exp (-(bb-
aa)**k8/sigma88)* exp(-(survival -bb)**k23/sigmaf23)+p24*1/sigmall*exp(-uu/
sigmall) *k2/sigma22* (vv-uu)**(k2-1) xexp (-(vv-uu) **k2/sigma22)*k3/sigma33* (ww-
vv) *x* (k3-1) xexp (- (ww-vv) **k3/sigma33)*k4/sigmadd* (xx-ww) ** (k4d-1) *exp (- (xx-ww
)**k4/sigmad4d)*k5/sigmabb* (yy-xx) **(k5-1) xexp (-(yy-xx)**k5/sigmab5)*k6/
sigma66* (zz-yy) **x(k6-1) *xexp(-(zz-yy) **k6/sigma66)* k7/sigma77*(aa-zz)**(k7-1)
xexp (-(aa-zz)**k7/sigma77)* k8/sigma88x*(bb-aa)**(k8-1)*exp(-(bb-aa)**xk8/
sigma88)* exp(-(survival -bb)**k24/sigmaf24)+p26*1/sigmall*exp(-uu/sigmall)*k2
/sigma22* (vv-uu) **(k2-1) *exp (-(vv-uu) **k2/sigma22) *k3/sigma33* (ww- vv)*x* (k3
-1) *exp (- (ww-vv) **k3/sigma33) *k4/sigmad4d* (xx-ww)**(kd-1) xexp (- (xx-ww) **xkd/
sigma44)*k5/sigmab5* (yy-xx)**(k5-1)*xexp (-(yy-xx)**k5/sigmab5)*k6/sigma66* (zz-
yy) ** (k6-1) xexp (- (zz-yy) **k6/sigma66)* k7/sigma77*(aa-zz)**(k7-1)*exp(-(aa-zz
)**k7/sigma77)* k8/sigmaB88*(bb-aa)**(k8-1)*exp(-(bb-aa)**k8/sigma88)* exp (-(
survival -bb) **xk26/sigmaf26) ;
if cs8=3 then
pl= pTranx*p31x*1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)*exp (-(vv-uu)*
*k2/sigma22)*k3/sigma33* (ww-vv)**(k3-1) *exp(-(ww- vv)**xk3/sigma33)*k4/sigmadd
*(xx-ww)**(kd-1)*exp (-(xx-ww)**kd/sigmadd) *k5/sigmabb* (yy-xx) ** (k5-1) *exp (- (
yy-xx)**kb/sigmabb)*k6/sigma66* (zz-yy) ** (k6-1) xexp (- (zz-yy) **k6/sigma66)* k7/
sigma77%* (aa-zz)**x(k7-1) *exp(-(aa-zz)**k7/sigma77)* k8/sigma88*(bb-aa)**(k8-1)
*exp (-(bb-aa)**k8/sigma88)* exp(-(survival-bb)**k31/sigmaf31)+p32*1/sigmall*
exp (-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1) *exp (-(vv-uu)**xk2/sigma22) *k3/
sigma33* (ww- vv)**(k3-1)*exp(-(ww-vv)**k3/sigma33)*k4/sigmadd* (xx-ww)**(k4d-1)
xexp (- (xx-ww)**xk4/sigmadd)*k5/sigmabb* (yy-xx)**(k5-1) xexp (- (yy-xx) **k5/
sigmab5)*k6/sigma66* (zz-yy)**(k6-1) xexp (-(zz-yy) **xk6/sigma66)* k7/sigma77*(aa
-zz)** (k7-1) *exp (-(aa-zz)**k7/sigma77)* k8/sigma88*(bb-aa)**(k8-1)*exp (-(bb-
aa)**k8/sigma88)* exp(-(survival-bb)**k32/sigmaf32)+p34*1/sigmall*exp(-uu/
sigmall)*k2/sigma22* (vv-uu) **(k2-1) *xexp (-(vv-uu) **k2/sigma22)*k3/sigma33* (ww-
vv) *x* (k3-1) xexp (- (ww-vv) **k3/sigma33) *k4/sigmadd* (xx-ww) ** (k4d-1) *exp (- (xx-ww
)*xk4/sigmad4)*xk5/sigmabb* (yy-xx)**(k5-1) *xexp (-(yy-xx)**xk5/sigmabb) *k6/
sigma66* (zz-yy)**(k6-1) xexp(-(zz-yy) **k6/sigma66)* k7/sigma77+*(aa-zz)**(k7-1)
xexp (-(aa-zz)**xk7/sigma77)* k8/sigma88x*(bb-aa)**(k8-1)*exp(-(bb-aa)**xk8/
sigma88)* exp(-(survival -bb)**k34/sigmaf34)+p36*1/sigmall*exp(-uu/sigmall)*xk2
/sigma22* (vv-uu)**(k2-1) *exp (-(vv-uu) **k2/sigma22)*k3/sigma33* (ww- vv)** (k3
-1) *exp (- (ww-vv)**k3/sigma33) *k4/sigmad4d* (xx-ww)**(kd-1) xexp (- (xx-ww) **xkd/
sigmad4)*xkb5/sigmabb* (yy-xx)**(kb5-1) xexp (-(yy-xx)**kb/sigmabb)*k6/sigmab66* (zz-
yy) **(k6-1) xexp (-(zz-yy) **k6/sigma66)* k7/sigma77*(aa-zz)**(k7-1)*exp(-(aa-zz
)**k7/sigma77)* k8/sigma88*(bb-aa)**(k8-1)*exp(-(bb-aa)**k8/sigma88)* exp (-(
survival -bb) **k36/sigmaf36) ;
if c¢cs8=4 then
pl=1/sigmall*exp(-uu/sigmall)*k2/sigma22* (vv-uu)**(k2-1)*exp (-(vv-uu)**k2/sigma22
)*k3/sigma33* (ww-vv)**(k3-1) *exp(-(ww-vv) **xk3/sigma33)*k4/sigmadd* (xx-ww)**(
k4-1) xexp (- (xx-ww) **k4/sigmad4)*k5/sigmabb* (yy-xx) **x(k5-1) *exp (- (yy-xx) **k5/
sigmab5)*k6/sigma66* (zz-yy) **(k6-1) *k7/sigma77* (aa-zz)**(k7-1) xexp (-(aa-zz) *x*
k7/sigma77)* k8/sigma88*(bb-aa)**(k8-1)*exp(-(bb-aa)**k8/sigma88)* exp (-(
survival -bb) **xk6/sigma66) ;
if c¢cs8=6 then
pl=1/sigmall*exp(-uu/sigmall)*k2/sigma22*(vv-uu)**(k2-1) *exp (-(vv-uu)**k2/sigma22
)*k3/sigma33* (ww-vv)**(k3-1)*exp(-(ww-vv) **xk3/sigma33)*k4/sigmadd* (xx-ww)** (
k4-1) *exp (-(survival -ww) **k4/sigmad4)*k5/sigmabb* (survival -xx)** (k5-1) *xexp (-(
yy-xx)**kb/sigmabb)*k6/sigma66* (zz-yy) ** (k6-1) *k7/sigma77* (aa-zz)** (k7 -1) *xexp
(-(aa-zz)*x*k7/sigma77)* k8/sigma88*(bb-aa)**(k8-1)*exp(-(bb-aa)**k8/sigma88)*
exp (-(survival -bb) **k6/sigma66) ;
sum=sum*pTran+pl;
end ;
sum=sum*pTran*hl1*h2*h3*xh4*h5*xh6*h7+*h8/n;
return (sum);
endsub;
options cmplib=sasuser.funcs;

3. SAS Code for Semi-Markove Model Fitting

Jmacro semiMarkov;
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2 ods output ParameterEstimates=est CovMatParmEst=cov FitStatistics=fit;
3 proc nlmixed data=temp2 cov MAXITER=1000 tech=DBLDOG;

4 parms

5 agel2=-0.1 agel3=-0.1 age21=-0.1

6 age23=-0.1 age24=-0.1 age31=-0.1

7 age32=-0.1 age34=-0.1 agel12=-0.1
& agell13=-0.1 agell6=-0.1 agel21=-0.1
9 agel23=-0.1 agel24=-0.1 agel26=-0.1
10 age131=-0.1 agel132=-0.1 agel34=-0.1
11 agel136=-0.1 bagel2=-0.1 bagel3=-0.1
12 bagel6=-0.1 bage21=-0.1 bage23=-0.1
13 bage24=-0.1 bage26=-0.1 bage31=-0.1
14 bage32=-0.1 bage34=-0.1 bage36=-0.1

15 int12=1 int13=1 int16=1
16 int21=1 int23=1 int24=1
17 int26=1 int32=1 int34=1
18 int36=1 intpl=1 intp2=1
19 intp3=1 intp4=1

20 k112=1 k113=1 k116=1
21 k121=1 k123=1 k124=1
22 k126=1 k132=1 k134=1
23 k136=1

24 sigmall12=1 sigmall3=1 sigmall6=1
25 sigmal21=1 sigmal23=1 sigmal24=1
26 sigmal26=1 sigmal31l=1 sigmal32=1
27 sigmal34=1 sigmal36=1

29 k131=0; apold4d =-5; colld =-5;
30 gradl4=-5; agel4 =-5;
31 sigmal14=0; fsigmal4=0;

33 n=500;

34 lambdal2= intl12 + bagel2*entrage;
35 lambdal3= int13 + bagel3*entrage;
36 lambdal6é= intl6 + bagel6*entrage;
37 fsigmal2=exp(lambdal2);

38 fsigmal3=exp(lambdal3);

39 fsigmal6=exp(lambdal6);

40 lambda21= int21 +bage2lx*entrage;
11 lambda23= int23 +bage23*entrage;
12 lambda24= int24 +bage24*entrage;
43 lambda26= int26 +bage26%*entrage;
14 fsigma2l=exp(lambda21);

45 fsigma23=exp(lambda23);

16 fsigma24=exp(lambda24);

47 fsigma26=exp(lambda26);

18 lambda31= int31 + bage3l*entrage;
49 lambda32= int32 + bage32*entrage;
lambda34= int34 + bage34x*entrage;
1 lambda36= int36 + bage36*entrage;
fsigma31l=exp(lambda31l);
fsigma32=exp (lambda32);
fsigma34=exp(lambda34) ;
fsigma36=exp (lambda36) ;

k12 =exp(k112); k13 =exp(k113);
k16 =exp(k116); k2l=exp (k121);
k23=exp(k123); k24=exp(k1l24);
k26=exp(k126); k31=exp(k131);
k32=exp(k132); k34=exp(k134);

61 k36=exp(k136);

62 sigmal2=exp(sigmall2);

63 sigmal3=exp(sigmall3);

64 sigmal6=exp(sigmall6);

65 sigma2l=exp(sigmal2l);

66 sigma23=exp(sigmal23);

67 sigma24=exp(sigmal24);

68 sigma26=exp(sigmal26);

69 sigma3l=exp(sigmal3l);
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70 sigma32=exp(sigmal32);

71 sigma34=exp(sigmal34);

2 sigma36=exp(sigmal36);

3 %tranProb(0,psl,curll,curl2,curl3,curld,curi6);
4 if ps1l=1 & csl1l=1 then

5 pl=pl2*exp(-survival/fsigmal?2)

76 +pl3*exp(-survival/fsigmal3)

77 +pl6*exp(-survival/fsigmal6) ;

78 if ps1=2 & cs1=2 then

79 pl=p2l*exp(-survival/fsigma21)

80 +p23*exp (-survival/fsigma23)
81 +p24*exp(-survival/fsigma24)
82 +p26*exp (-survival/fsigma26) ;

83 if (indxi=1) then do;

84 if psl=1 & csl1=2 then

85 pl=int_firstl(n,fsigmal2,%weibullPara,)tranProbPara,)statelndicator);
86 if psl=1 & cs1=3 then

87 pl=int_firstil(n,fsigmal3,%weibullPara,)tranProbPara,)statelndicator);
88 if psl=1 & cs1=6 then
89 pl=int_firstl(n,fsigmal6 ,%weibullPara,)tranProbPara,)statelndicator);
90 if ps1=2 & csil=1 then
91 pl=int_firstl(n,fsigma2l,%weibullPara,tranProbPara,’statelndicator);
92 if psl=2 & cs1=3 then
93 pl=int_firstl(n,fsigma23,%weibullPara,%tranProbPara,)statelndicator);

94 if ps1=2 & csl1=4 then
95 pl=int_firsti(n,fsigma24,%weibullPara,)tranProbPara,)stateIndicator);
96 if psl=2 & csl1=6 then
97 pl=int_firstl(n,fsigma26,%weibullPara,)tranProbPara,)stateIndicator);
98 if ps1=3 & csi=1 then

99 pl=int_firstl(n,fsigma3l,%weibullPara,)tranProbPara,)statelndicator);
100 if ps1=3 & cs1=2 then

101 pl=int_firstl(n,fsigma32,%weibullPara ,tranProbPara,)statelndicator);
102 if ps1=3 & csl=4 then

103 pl=int_firstl(n,fsigma34,%weibullPara,)tranProbPara,)statelndicator);
104 if ps1=3 & cs1=6 then

105 pl=int_firstl(n,fsigma36,%weibullPara,)tranProbPara,)statelndicator);
106 end;

108 if psl=1 & ps2=2 & cs2=1 then

109 pl=int_first2(n,fsigmal2 ,k21,sigma2l,agel21,%weibullPara,%tranProbPara,’
stateIndicator) ;

110 if psl=1 & ps2=2 & cs2=3 then

111 pl=int_first2(n,fsigmal2 ,k23,sigma23,agel23,)weibullPara,)tranProbPara,}
stateIndicator);

112 if psl=1 & ps2=2 & cs2=4 then

113 pl=int_first2(n,fsigmal2 ,k24,sigma24,agel24,%weibullPara,’tranProbPara,’
stateIndicator);

114 if psl=1 & ps2=2 & cs2=6 then

115 pl=int_first2(n,fsigmal2 ,k26,sigma26,agel26 ,%weibullPara ,)tranProbPara,}
stateIndicator) ;

116 if psl=1 & ps2=3 & cs2=1 then

117 pl=int_first2(n,fsigmal3,k31,sigma31,agel31,)weibullPara,)tranProbPara,}
statelndicator);

118 if psl=1 & ps2=3 & cs2=2 then

)

107 if (indxi=2) then do;
)
)

119 pl=int_first2(n,fsigmal3 ,k32,sigma32,agel32,)weibullPara,)tranProbPara,’
stateIndicator) ;

120 if psl=1 & ps2=3 & cs2=4 then

121 pl=int_first2(n,fsigmal3 ,k34,sigma34,agel34 ,)weibullPara,)tranProbPara,}

stateIndicator);
122 if psl=1 & ps2=3 & cs2=6 then

123 pl=int_first2(n,fsigmal3 ,k36,sigma36 ,agel36 ,%weibullPara,jtranProbPara,}
stateIndicator);

124 if ps1=2 & ps2=1 & cs2=2 then

125 pl=int_first2(n,fsigma21 ,k12,sigmal2,agell2,)weibullPara,)tranProbPara,}

stateIndicator) ;

126 if ps1=2 & ps2=1 & cs2=3 then

127 pl=int_first2(n,fsigma21 ,k13,sigmal3,agell13,%weibullPara,%tranProbPara,’
stateIndicator) ;
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128 if ps1=2 & ps2=1 & cs2=6 then

129 pl=int_first2(n,fsigma2l ,k16,sigmal6 ,agell6 ,)weibullPara,)tranProbPara,}
stateIndicator);

130 if ps1=2 & ps2=3 & cs2=1 then

131 pl=int_first2(n,fsigma23,k31,sigma3l,agel31,%weibullPara,%tranProbPara,’

stateIndicator) ;
132 if psl=2 & ps2=3 & cs2=2 then

133 pl=int_first2(n,fsigma23,k32,sigma32,agel132,%weibullPara,%tranProbPara,’
stateIndicator);

134 if ps1=2 & ps2=3 & cs2=4 then

135 pl=int_first2(n,fsigma23,k34,sigma34,agel34 ,)weibullPara,)tranProbPara,}

stateIndicator) ;

136 if ps1=2 & ps2=3 & cs2=6 then

137 pl=int_first2(n,fsigma23,k36,sigma36,agel36 ,%weibullPara,’tranProbPara,’
stateIndicator) ;

138 if ps1=3 & ps2=1 & cs2=2 then

139 pl=int_first2(n,fsigma31l,k12,sigmal2,agell2,%weibullPara,%tranProbPara,’
stateIndicator) ;

140 if ps1=3 & ps2=1 & cs2=3 then

141 pl=int_first2(n,fsigma31l,k13,sigmal3 ,agell13,)weibullPara,)tranProbPara,}
stateIndicator) ;

142 if ps1=3 & ps2=1 & cs2=6 then

143 pl=int_first2(n,fsigma31l,k16,sigmal6 ,agell6 ,)weibullPara,)tranProbPara,}
stateIndicator) ;

144 if ps1=3 & ps2=2 & cs2=1 then

145 pl=int_first2(n,fsigma32,k21,sigma2l,agel2l ,)weibullPara,)tranProbPara,}
stateIndicator) ;

146 if ps1=3 & ps2=2 & cs2=3 then

147 pl=int_first2(n,fsigma32,k23,sigma23,agel23,)weibullPara,)tranProbPara,}

stateIndicator) ;
148 if ps1=3 & ps2=2 & cs2=4 then

149 pl=int_first2(n,fsigma32,k24,sigma24,agel24 ,)weibullPara,)tranProbPara,}
stateIndicator) ;

150 if psl1=3 & ps2=2 & cs2=6 then

151 pl=int_first2(n,fsigma32,k26,sigma26,agel26,)weibullPara ,jtranProbPara,}

stateIndicator) ;

52 end;

153 if (indxi=3) then do;

> if psl=1 & ps2=2 & ps3=1& cs3=2 then

55 pl=int_first3(n,fsigmal2 ,k21,sigma2l,agel21,k12,sigmal2,agell2,%weibullPara,%
tranProbPara,)stateIndicator);

156 if psl=1 & ps2=2 & ps3=1& cs3=3 then

157 pl=int_first3(n,fsigmal2 ,k21,sigma21,agel21,k13,sigmal3,agel13,%weibullPara,’
tranProbPara,%stateIndicator);

158 if psl=1 & ps2=2 & ps3=1& cs3=6 then

159 pl=int_first3(n,fsigmal2 ,k21,sigma2l,agel21,k16,sigmal6 ,agell6 ,%weibullPara,’
tranProbPara,%stateIndicator);

160 if psl=1 & ps2=2 & ps3=3& cs3=1 then

161 pl=int_first3(n,fsigmal2 ,k23,sigma23,agel123,k31,sigmal31,agel31,%weibullPara,%

tranProbPara,)stateIndicator);
162 if psl=1 & ps2=2 & ps3=3& cs3=2 then

163 pl=int_first3(n,fsigmal2 ,k23,sigma23,agel23,k32,sigma32,agel32,%weibullPara,’
tranProbPara,)stateIndicator);

164 if psl=1 & ps2=2 & ps3=3& cs3=4 then

165 pl=int_first3(n,fsigmal2 ,k23,sigma23,agel23,k34,sigma34,agel34,%weibullPara,’

tranProbPara,%stateIndicator);
166 if psl=1 & ps2=2 & ps3=3& cs3=6 then
167 pl=int_first3(n,fsigmal2 ,k23,sigma23,agel23,k36,sigmal36,agel36,%weibullPara,%
tranProbPara,)stateIndicator);
168 if psl=1 & ps2=3 & ps3=1& cs3=2 then
169 pl=int_first3(n,fsigmal3,k31,sigma31,agel31,k12,sigmal2,agell2,%weibullPara,’
tranProbPara,)stateIndicator);
170 if psl=1 & ps2=3 & ps3=1& cs3=3 then
171 pl=int_first3(n,fsigmal3 ,k31,sigma31,agel131,k13,sigmall3,agel13,%weibullPara,’
tranProbPara,)stateIndicator);
172 if psl=1 & ps2=3 & ps3=1& cs3=6 then
173 pl=int_first3(n,fsigmal3 ,k31,sigma31,agel131,k16,sigmal6 ,agell6 ,%weibullPara,’
tranProbPara,)stateIndicator);
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if psl=1 & ps2=3 & ps3=2& cs3=1 then

pl=int_first3(n,fsigmal3 ,k32,sigma32,agel132,k21,sigma2l,agel2l,%weibullPara
tranProbPara,)stateIndicator);

if psl=1 & ps2=3 & ps3=2& cs3=3 then

pl=int_first3(n,fsigmal3 ,k32,sigma32,agel132,k23,sigma23,agel123,%weibullPara
tranProbPara,)stateIndicator);

if psl=1 & ps2=3 & ps3=2& cs3=4 then

pl=int_first3(n,fsigmall3 ,k32,sigma32,agel132,k24,sigma24,agel24 ,%weibullPara
tranProbPara,%stateIndicator);

if psl=1 & ps2=3 & ps3=2& cs3=6 then

pl=int_first3(n,fsigmal3,k32,sigma32,agel132,k26,sigma26,agel26,%weibullPara
tranProbPara,)stateIndicator);

if ps1=2 & ps2=1 & ps3=2& cs3=1 then

pl=int_first3(n,fsigma2l,k12,sigmal2,agell12,k21,sigma2l,agel2l,%weibullPara
tranProbPara,)stateIndicator);

if psl1=2 & ps2=1 & ps3=2& cs3=3 then

pl=int_first3(n,fsigma2l ,k12,sigmal2,agell12 ,k23,sigma23,agel23,%weibullPara
tranProbPara,)stateIndicator);

if ps1=2 & ps2=1 & ps3=2& cs3=4 then

pl=int_first3(n,fsigma2l ,k12,sigmal2,agell2,k24,sigma24,agel24,)weibullPara
tranProbPara,%stateIndicator);

if ps1=2 & ps2=1 & ps3=2& cs3=6 then

pl=int_first3(n,fsigma2l,k12,sigmal2,agell2 ,k26,sigma26,agel26 ,%weibullPara
tranProbPara,%stateIndicator);

if psl1=2 & ps2=1 & ps3=3& cs3=1 then

pl=int_first3(n,fsigma2l,k13,sigmal3 ,agel13,k31,sigma31l,agel3l,%weibullPara
tranProbPara,)stateIndicator);

if ps1=2 & ps2=1 & ps3=3& cs3=2 then

pl=int_first3(n,fsigma21 ,k13,sigmal3 ,agel13,k32,sigma32,agel32,%weibullPara
tranProbPara,%stateIndicator);

if ps1=2 & ps2=1 & ps3=3& cs3=4 then

pl=int_first3(n,fsigma21,k13,sigmal3 ,agel13,k34,sigma34,agel34,)weibullPara
tranProbPara,%stateIndicator);

if psl=2 & ps2=1 & ps3=3& cs3=6 then

pl=int_first3(n,fsigma2l,k13,sigmal3 ,agel13,k36,sigma36,agel36,%weibullPara
tranProbPara,)stateIndicator);

if psl1=2 & ps2=3 & ps3=1& cs3=2 then

pl=int_first3(n,fsigma23,k31,sigma31,agel131,kl12,sigmal2,agell2,%weibullPara
tranProbPara,)stateIndicator);

if ps1=2 & ps2=3 & ps3=1& cs3=3 then

pl=int_first3(n,fsigma23,k31,sigma31,agel131,k13,sigmal3 ,agel13,)weibullPara
tranProbPara,)stateIndicator);

if ps1=2 & ps2=3 & ps3=1& cs3=6 then

pl=int_first3(n,fsigma23,k31,sigma31,agel131,k16,sigmal6 ,agell6 ,/weibullPara
tranProbPara,)stateIndicator);

if psl1=2 & ps2=3 & ps3=2& cs3=1 then

pl=int_first3(n,fsigma23,k32,sigma32,agel132,k21,sigma2l,agel2l,%weibullPara
tranProbPara,)stateIndicator);

if ps1=2 & ps2=3 & ps3=2& cs3=3 then

pl=int_first3(n,fsigma23,k32,sigma32,agel132,k23,sigma23,agel123,%weibullPara
tranProbPara,)stateIndicator);

if ps1=2 & ps2=3 & ps3=2& cs3=4 then

pl=int_first3(n,fsigma23,k32,sigma32,agel132,k24,sigma24,agel24,%weibullPara
tranProbPara,)stateIndicator);

if psl1=2 & ps2=3 & ps3=2& cs3=6 then

pl=int_first3(n,fsigma23,k32,sigma32,agel32,k26,sigma26,agel26,%weibullPara
tranProbPara,)stateIndicator);

if ps1=3 & ps2=1 & ps3=2& cs3=1 then

pl=int_first3(n,fsigma3l,k12,sigmal2,agell12,k21,sigma2l,agel2l,%weibullPara
tranProbPara,%stateIndicator);

if ps1=3 & ps2=1 & ps3=2& cs3=3 then

pl=int_first3(n,fsigma3l,k12,sigmal2,agell12,k23,sigma23,agel123,)weibullPara
tranProbPara,%stateIndicator);

if ps1=3 & ps2=1 & ps3=2& cs3=4 then

pl=int_first3(n,fsigma31l,k12,sigmal2,agell2,k24,sigma24,agel24 ,%weibullPara
tranProbPara,)stateIndicator);

if ps1=3 & ps2=1 & ps3=2& cs3=6 then

pl=int_first3(n,fsigma3l ,k12,sigmal2,agell2,k26,sigma26,agel26,%weibullPara
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tranProbPara,%stateIndicator);

if ps1=3 & ps2=1 & ps3=3& cs3=1 then

pl=int_first3(n,fsigma31l,k13,sigmal3,agel13,k31,sigma31
tranProbPara,)stateIndicator);

if ps1=3 & ps2=1 & ps3=3& cs3=2 then

pl=int_first3(n,fsigma31,k13,sigmal3,agel13,k32,sigma32
tranProbPara,)stateIndicator);

if ps1=3 & ps2=1 & ps3=3& cs3=4 then

pl=int_first3(n,fsigma31,k13,sigmal3 ,agel13,k34,sigma34
tranProbPara,%stateIndicator);

if ps1=3 & ps2=1 & ps3=3& cs3=6 then

pl=int_first3(n,fsigma31l,k13,sigmal3,agell13,k36,sigma36
tranProbPara,)stateIndicator);

if ps1=3 & ps2=2 & ps3=1& cs3=2 then

pl=int_first3(n,fsigma32,k21,sigma2l,agel21 ,kl12,sigmal?
tranProbPara,)stateIndicator);

if ps1=3 & ps2=2 & ps3=1& cs3=3 then

pl=int_first3(n,fsigma32,k21,sigma2l,agel21 ,k13,sigmal3
tranProbPara,)stateIndicator);

if ps1=3 & ps2=2 & ps3=1& cs3=6 then

pl=int_first3(n,fsigma32,k21,sigma2l,agel21 ,k16,sigmal6
tranProbPara,)stateIndicator);

if psl1=3 & ps2=2 & ps3=3& cs3=1 then

pl=int_first3(n,fsigma32,k23,sigma23,agel123,k31,sigma31
tranProbPara,)stateIndicator);

if ps1=3 & ps2=2 & ps3=3& cs3=2 then

pl=int_first3(n,fsigma32,k23,sigma23,agel23,k32,sigma32
tranProbPara,)stateIndicator);

if ps1=3 & ps2=2 & ps3=3& cs3=6 then

pl=int_first3(n,fsigma32,k23,sigma23,agel23,k36,sigma36
tranProbPara,)stateIndicator);

end;
if (indxi=4) then do;

if psl=1 & ps2=2 & ps3=1& ps4=2 & cs4=1 then

pl=int_first4(n,fsigmal2 ,k21,sigma2l,agel21,k12,sigmal2
,hweibullPara,%tranProbPara,%stateIndicator);

if psl=1 & ps2=2 & ps3=1& ps4=2 & cs4=3 then

pl=int_first4(n,fsigmal2 ,k21,sigma2l,agel21 ,k12,sigmal?
,%hweibullPara ,%tranProbPara,%stateIndicator) ;

if psl=1 & ps2=2 & ps3=1& ps4=2 & cs4=4 then

pl=int_first4(n,fsigmal2 ,k21,sigma2l,agel21 ,k12,sigmal?
,%weibullPara ,%tranProbPara,%stateIndicator);

if psl=1 & ps2=2 & ps3=1& ps4=2 & cs4=6 then

pl=int_first4(n,fsigmal2 ,k21,sigma2l,agel21 ,k12,sigmal?
,hweibullPara,%tranProbPara,%stateIndicator);

if psl=1 & ps2=2 & ps3=1& ps4=3 & cs4=1 then

pl=int_first4(n,fsigmal2 ,k21,sigma2l,agel21,k13,sigmal3
,hweibullPara,%tranProbPara,%statelndicator) ;

if psl=1 & ps2=2 & ps3=1& ps4=3 & cs4=2 then

pl=int_first4(n,fsigmal2 ,k21,sigma21,agel21 ,k13,sigmal3
,%hweibullPara ,%tranProbPara,%stateIndicator);

if psl=1 & ps2=2 & ps3=1& ps4=3 & cs4=4 then

pl=int_first4(n,fsigmal2 ,k21,sigma2l,agel21 ,k13,sigmal3
,hweibullPara,%tranProbPara,%stateIndicator);

if psl=1 & ps2=2 & ps3=1& ps4=3 & cs4=6 then

pl=int_first4(n,fsigmal2 ,k21,sigma2l,agel21,k13,sigmal3
,hweibullPara,%tranProbPara,%stateIndicator);

if psl=1 & ps2=2 & ps3=3& ps4=1 & cs4=2 then

pl=int_first4(n,fsigmal2 ,k23,sigma23,agel123,k31,sigma31l
,%weibullPara,)tranProbPara,stateIndicator);

if psl=1 & ps2=2 & ps3=3& ps4=1 & cs4=3 then

pl=int_first4(n,fsigmal2 ,k23,sigma23,agel123,k31,sigma3l
,%hweibullPara ,%tranProbPara,%stateIndicator);

if psl=1 & ps2=2 & ps3=3& psé4=1 & cs4=6 then

pl=int_first4(n,fsigmal2 ,k23,sigma23,agel123,k31,sigma31l
,hweibullPara,%tranProbPara,%stateIndicator);

if psl=1 & ps2=2 & ps3=3& ps4=2 & cs4=1 then

pl=int_first4(n,fsigmal2 ,k23,sigma23,agel123,k32,sigma32

97

,agel31l ,%weibullPara,¥

,agel32,)weibullPara,%

,agel34 ,)weibullPara,%

,agel36 ,%weibullPara,¥

,agell2 ,)weibullPara,%

,agel13 ,)weibullPara,%

,agell6 ,%weibullPara,

,agel31l ,%weibullPara,%

,agel32 ,%weibullPara,%

,agel36 ,%weibullPara,

,agell2 ,k21 ,sigma2l ,agel21

,agell2 ,k23,sigma23,agel23

,agell2 ,k24 ,sigma24 ,agel24

,agell2 ,k26 ,sigma26 ,agel26

,agel13 ,k31,sigma31,agel31

,agel13 ,k32,sigma32,agel32

,agell3 ,k34,sigma34 ,agel34

,agell3 ,k36 ,sigma36 ,agel36

,agel31l ,k12,sigmal2,agell2

,agel31,k13,sigmal3 ,agell3

,agel31l ,k16,sigmal6 ,agell6

,agel32,k21,sigma21,agel21



P %
P1=§1;wei
if lntl &bul
P 1Y ’V_fi P 1P
1=Sl'we.r552_ar
i1 ine. Zbuf422 2
P p ’V_fi p lpn’f ;tra
151'we1r:2arasfanpr
it 1nt1 &bu;4(2 &,%imas& obP
P ’V‘f- p et p mal? ps ar
p1=sl_nwelr s2 ar S-SS np’k 4= a
- i st = a i = r 23 2 A
. in 1 b 4 2 ,gm 3 o oS
if t & ul ( &’At al& bp’s.& ta
p Ps’%;fi pslpz’f psra 2 ps4ar1gmcs4te
1=i1= eirst2= rasi snp;k232a,7a2331nd
i n 1 bu 4 3 ,7gm 3% ob s &°s , t i
£ t & 1 ( & bt a P si t a h c
plps’%;fi Pslpz’f Psralll2 Ps4ar:gm°szte%elenato
=i1= eir5t2= raSi 3= P;k23=2 ,7a23=4 nd23 T);
i n 1 b 4 3 ,°gm 1% o &“S i ,k ’
f t &ul( &/ota bP’S t,athc 3
a_f 1 n r 13 P a i c at g e at 2
P >t ¢ P P , £ P a s r g s e e n °
p1_51°W ir s2 a s.ss n ,k 4= a ma 4= I 12 r’s.
=i = ei s = T i = P 3 ma2 = n 3 ) 1
i 1 i t 3 a r 1 2 s 3 6 d 518
i nt bu 4 ,7gm 1& ob &"St t i .k ’ ma
f B & ll(n & Lt al P’si a’ag h ca 39 32
P > h fi p P > P ra 3 ps ar g cs t e en t
pl s hw i s a f s n Lk 4= a m 4 el 1 °r’s. ,a
=.1= e-rs 2= rasi 3= P 3 =2 ma3 senn 23 ) i g
N lntl 1but4 3 ’ng 1&r0b1 S,LAS 1 1 tdi Lk H gma el3
f _ & 11(n & Lt al p’si ta’ag h ca 32 392 2
p PS’% £i ps P ,f Psra 3 Ps4ar gm°s4te e1en tor) , » k2
1=.1=we.rS 2=arasi 3=np’k3 =2a ,a3 =3In 31 r)si age 3
: in 1 lbut4 3 ’ng 1&rob1 éAS 1 tdi k H gma 13 ,si
£ t_ & 11(n & it al P’Si ta’ag h ca 12 32 2 e
P > fi p P s P ra 3 ps ar g cs t e en t >k ma
pl s o W 1 s a f s n Jk 4 a m 4 el 1 or’s. ,a 2 2
=1=e,rs 2=I‘ si 3=P 3=2 na3= 1131 )1 g 4 3
. i 1 i t 3 a T 1 s h 1 4 di ; gm e s s
n b 4 Len 1 o s i Jk ; 1 si a
if t P ul (n &’At al& bp’s-& ta’a th ca 1 al 32 ig ge
2 ’V'f' P 1p P T 3 ps arlg cs t ge en € 2 2 Jk ma 12
pl s W i s a’f s an . 4 a m 4 el 1 o ,si sa 2 2 3
= 1= e-rs 2= r si 3= P k3 = oas = n 31 r) i g 6 4
. in 1 ib t4_3 a “gm_l ro 1 3 s hs 1 6 di 5 gm el .S ,a
if t & ul (n &’At al& bp’s.& ta’a th C;kl al 12 ig ge
P ,y—f. P 1P L f P ra 3 ps arlg cs t ge en t 2 2 k ma 192
P1_S o W ir s a s.s n Jk 4= a ma 4_eI 13 °r’s- >a 2 2 4
= 1= ei s 2= r i 3= P 3 o 3 = n 1 ) i g 1 6
) in 1 ib t4_3 a ,gm‘1 ro 1 3 shs 1 ! di ; gm et )8 > a
if t % ul (n &’At al& bP’S'& ta,a th ca’kl al 12 ig ge
P :7—f. P . P r 3 ps arlg cs t ge en t 2 2 k ma 12
pl s o W 1 s a £ s an s 4= a m 4 el 1 o ,si ,a 2 2 6
= 1= e-rs 2= r si 3= P k3 =3 ,a3 = n 31 r) i g 3 1
) :i_n_]_ ib t4_3 a ng—l ro 1 %S 1 2 di x ; gm el ,si a
if t & ul ( &’At a & bP’S~& t »a th c 1 a1 12 i g
:“-f 1Pn. r 3 b oo c s e at 3 2 gn el
p1PS Yw i ps a’f ps an , s4_ragm s4 eIel n o L si a , k2 a2 21
=1= e.rs 2_r si 3_Pk3 =3 ,as =4n31 r) i g 4 3
i in 1 ib t4_3 a °gm_2 ro 1 2hs 1 di .k 5 gm el , 81 sa
if t e ul (n &’At al& bpxs~& ta’a th ca 13 al 12 ig ge
P ’V’f' P 1Par P r 5 oa e cs ;o8 en t 3 ok ma 12
pl s A i s a f s an , 4= a m 4 el 1 o , si ,a 2 2 3
= 1= e-rs 2= T si 3= P K39 ma3 cenn 31 r) i g 6 4
: in 1 ib t4_3 a ogm_2 ro 2 1 s hs 1 6 di 5 gm el , S ,a
if t & ul (n &’At al& stS.& ta,a th C;kl at 13 ig ge
P ,y-f. P 1Par P r 3 ps arlg cs t ge en t 3 3 k na 12
pl s oW i s a £ s an > 4= a m 4 el 1 o ,si ,a 3 2 4
psl= ciee 23 si 3= P k3 =1 ma3 b 31 ) i g 1 6
. in—l ib t4—3 a ,gm‘g ro 2 ,hs 2 2 di Tk ; gm el Jsi ,a
if t u ul ( &’At a & bp’s~& t ,a th c 1 al 13 i g
t_1f N r o oo c at g e at 3 3 gm el
P PS’AW i ps Pa’f ps an , s4_ragm s4 e el n o Jsi a ,k3 a3 26
1= 1= e T 2 r si 3 P k3 = a3 = In 32 r) i g 2 1
) i =1 i st =3 a : g 2 1 s 2 3 i sigm e , ,
n b 4 ogm 2 o b S i sk 4 1 si a
if t & ul (n &’/at ai& bp,s‘& ta,a th P 2 al 13 ig ge
p ’V_f‘ P 1P p r 3 ps arlg cs t ge en t ! 3 K ma 13
pl s a 1 s a’f s an > 4= a m 4 el 1 0 ,si s a 3 3 1
= 1= e-rs 2= r si 3= P K32 . ma3 e 32 r) i g 4 2
: in 1 ib t4_3 a ogm_2 ro 2 3 vhs 2 6 di H gm el , S ,a
if t ¥ ul (n &’At al& bp’s.& ta’a th c;k2 a2 13 ig ge
P ,y-f. P 1P L f P ra 3 ps arlg cs tege en tol 1 Kk ma 13
P1=sl'welrss2 ar 5.53 np’k34= a maB4= In132 r;si ,ag 36 34 2
. in_2 ib t4=3 a }gm=2 ro 2 3 Jhs 2 1 di ; gm el ,s ,a
if t & ul (n &’At al& bp’s.& ta’a th c;kg a2 21 ig ge
p ’V_f' p 1p s P ra 3 ps arlg cs t ge en t ! ! ,k ma 13
pl s Al i s a £ s n s 4= a m 4 el 1 °r’s. ;a 1 3 4
= 1= e,rs 2= r si 3= P k3 =3 na3 =2 n 32 ) i g 2 6
i in 2 ib t4_1 a °gm_2 ro 2 ’As 2 di sk 5 gn el2 , 81 sa
if t & ul (n &’At al& bP’S~& ta’a th ca 93 a2 1 ig ge
P ,y—f, P 1P s p ra 3 ps arlg cs t ge en t 1 & ma 13
pl s oW i s a £ s n s 4= a m 4 el 1 Or’s- ;a 1 1 6
= 1= e-rs 2= r si 3= P k3 = 033 = n 32 ) i g 3 2
. 121bt13g2r23/ 24 di sign el , ,
if nt P u14(n &’Ztmag& obp’s.& Sta’a thlcékg H 423 91 sig age
P ,y-f. P 1p L f P ra 1 ps arlg cs tege en t03 k ma 11
P1_Sl°w ir s a s.s n .k 4= a ma 4= 1 13 r’S- ,a 1 1 5
= = ei s 2= r i 3= P 1 o 3 n 2 ) i g 6 3
. o1 ib o 2 ogm‘z Jobp 20 2 2. JE 2t » si @
if t % ul (n &’At a2& bp’s.& ta’a th ca 2 a2 3 ig ge
P ,y—f. p 1P ot P ra 1 ps arlg cs tege en to3 3 k ma 11
Sl—'we-lrss2a1” sis3_nP’k14= 2 ?a14= In132 rgsi 1 a8 31 16 3
=2 ib t4—1 a ogm‘g ro 2 1 »hS 2 2 di Jk H gm el2 , si > a
& ul (n &’At a2& bp’s.& tara th ca 23 a23 3 ig ge
p 1p , £ P ra 1 ps arlg cs tegelen to sk ma 11
s2 ar 5-53 np’k 4= a ma 4= I 1 r’S- a 39 31 6
= a i = r 1 1 2% 1 3 nd 2 ) ig ge
1 Len 2 o 2 o S 2 i > ; m 1 , 8i >a
&’At aQ& bP’Si& ta’a th cak21 a23 23 ig ge
P ra 1 ps ar gmcs tege en to , , .k ma 13
s3 nprk14= a a14= In112 r)Si ag 34 32 1
p’si ta’a h ca 21 21 3 ig ge
p a c t g e t s m 1
s4 r gm s4 e el n ° , s , k3 a3 39
iy ne Lo 12 o age 8 4
é'stzra tiic’k2 ; gna2 121 st '8
CSZtegelenatolgs L, , ki gma3 el34
=2Ind?2 Py agel 2, 6,
th1C;k2 ' a2 21 sig age
en t 3 1 ,k ma 13
Or’S- s a 1 1 6
)'lgm gel 3, 2,
H a9 21 sig age
3 Kk na 11
sa 1 1 2
6 3
ge12 . s Ja
i
3,k gma gell
31 16 3
Jsi ,ag
gma ell
3 6
1
,ag
el
3
1

93



w ¢

¢
ot

w
)

w ¢

JUNIIU)

pl=i
nt
if ps,z;:?rst4
pl:ii=2 ;bullgn,f
t a si
i a—f- PS_ra.gm
if pS’AWe}rStZ_l &’ﬁtra21 .
P1=.1=2 ibul (n ps anP’ 12
in & 1P ,fsi 3= rob ,si
t P a i 2& P ig
i a—fi s2= ra ,gma ar ma
fp ’Awe-rst4 ! &’Atr 21 ps4=3a’7 12,2
P1=§1=2 ibul (n ps anp’k12 & stat gell
in & 1P ,fsi 3= ro , si c el 2
t a sS1 2& bP ig s4= ndi .k
if «—fi ps2= ra ogma2 P ara mail =4 ic 23
PS’Awe-rst4_1 &,Atr 1 kS4=3 s 2,a thenatorssig
p1=-1=2 ibul (n PS3anP; 12 & tat gell ) ma23
int & 1Pa’fsi =3 obP’si cs4 eln 2,k ,a
. Cfi ps ra gm & a gm =6 di » k2 ge
i 0 2= r a 3 1
i Ps’/”"eELrsf-zL_1 &’./'tra21 £S4=1a’%512’a the;ator'sig 23,k
p1=~1=2 ibul (o fois anPr 13 4 tat ge1l ) ma23 32
in & 1P ,fsi 3= rob ,si c el 2 ,»si
t a si 3% P ig s4= ndi , k > gm
i a_f- ps2= ra gm ar ma 2 i 23 ge a
fp :Awelrst2—1 ,ht a21 ps4= a,% 13 thecato ,si 123 32,a
. nt & p Par si =34 obP’Sig sd= Indi , k3 »ag igm
if ’7;f1r3:2=1 a,,/ima21 Ps4ara $a13 3 thlcat 1,si e123 a34
o . o = sh N o i N ,a
p1£i12elbu1f(n’§ psganpltklg L itat:gelje-g r); gma31 k36, si ge134
. nt & p Pa si =3& obP,sig s4= Indi ,k3 »ag igm
if ,wairss21ra’y§ma21 Ps4ara $a13 6 thlcat 1.8 e131 a36
fwei t o A > ) »si s >
¥ o
n si = b » 81 s > »si
if ;'firps2=?ra ;fman Psiar:g7a1§=1 2iicéf31 s agel3i gnal2
shwel st e = s h , or) i , ,
P1p§1=2e1bu1f(n,§ Ps;anP;k13 2 & itat:gelfg r); gna31 K13, 51 agell?2
. nt & p Par si =3& ObP’Sigm sd= Indi , k3 »ag igm
if "/;,firS:2=1 a,,/%mazl Ps4ara a/a13 3 thlcat 2,si e131 al3
o . o = s h o 1 s sa
p1£?1=261bu 4(n & p ranP’kls 2 & sta’agelen r); gna3 k16 gel
int & 1lpa’fsis3=3 robp’si cs4teIn 13 .k ’ 2,a ,si 13
if y‘firps2=3ra yfmazf Ps4arag7a13=4 tiic;t32’s gel132 gnal6
,hwei st >/ = A B o i ’ ’
Pliiiae;buli‘;n,i‘ e e o
n si = b » 81 s »si
it ;'firps2=§ra ngaiﬁ Psiar:g7a1§=6 2ii°;f32 s 2gelsz guaz
ps’nwe, std &’atr & =9 J%hs ,a en or’ ig Jk ,a
p1=i1=2 ;bull(n,f p53fnpr031,s.& Ctate§e113 ) ma32 23, si ge121
) nt P Par si =1& bP ig s4= ndi k3 ,ag igm
if ’7;firssz=3 a’,y%ma23 Ps4ara $a31 1 thlcat 2.5 e132 a23
ATE t . o , or) i ,
p1€z1=;;bulf<n,§ X ztat:gelsf 2 piemas
if n;—fi pSQParasjgm;;& ;bpa:;gma§f3Iidlc;k12 »agel3 igma24
s oW ,rst =3 yht 3 s4= A s h to ,si 2 s
P1£§1=2elbu 4(n & p ranP’k31 2 & sta agelen r); gmal - k26 agel
i & 11 > £ s3= ro , si c tel 31 ’ 2 , 81 24
. nt P Par si =1& bP ig s4= ndi » K »ag igm
if p ,7;firsi2=3 a’75m323 PS4ara ;asl 4 thlcat12’s- el12 a26
o . o = sh N o i B
p1=i1=2elbulf(n ﬁ Ps;anP£k31 2 & Stat:gelgn r); gmal?2 k21, si agel26
nt & p pa’ si 1% ObP’Sig csd= Ind-l’k ,ag ign
if ’Vinrssz=3ra’7%ma23 ps4ara $a31 ¢ thlcat12 s e112 a2t
(wei t o = A s o > 81 s
Y
if n;_firP52€Zras;gm;;& Pzpar:gma§f=1 idic;k12 ;agell2 igma23
shwei st - sht 3 4= :% N h to ,81 , 3
p1£?1=281bu 4(n & p ranp’k31 3 & sta ageien r); gmal k24 agel
int & 11Pa’fsisa=1 r°bp’si CS4teIn 31,k ' 2,a ,sig 23
if ,wair§s23ra,7%ma2§ ps4arag$a31=2 tiic;tls . gel12 ma24
hwed t o A > o »si s ’
e X o
n ,fsi = b »si s s »si
if ’;;fir552=:ra,;fma;§ Psiarag$a3f=4 2ii°5513 s agells gna26
fwei t o = st s o »si , P
i
s n;_firPSZ_:ras;gm;gg PZiar:g7a§f=6 2iiC;§13 ,agell3 igma31
shwel st sht = v stat o »si , ,a
< f;i % Lt 2y =
n ’ N = > . S > .
raieiters
shwel st sht = 2 s o »si s s
,hwei st - s ht 3 = A N h o »si . 5
P1551=2e1bu 4(n & p ranp’k32 1 e sta age1en r); gma2 k36 aget
i & 11 , £ s3= ro ,si c tel 32 ’ 1 ,si 34
nt P Par si =2& bP igm s4= ndi ,k2 »2ag igm
’V;firs:2=3 a,VEma23 pS4ara ya32 6 thlcat 1,si el21 a36
hwed ° s = s fo e o 1 s s a
ibu 4(n p psranp k32 3¢ staéagei i ) gma2 k12 gel3
11 ,f 3= ro , si c eI 32 1 , si 6
Pa si =2 bP i s4= ndi ,a 1
r & gm = d sk g gm
a igna P ara a3 1 ic 21 el12 al2
,htr 23,kS4=3 ’Zst2’a thenatorssig 1,k ,ag
anpr032, A& c ategel32 Vs ma2l 13, si ell2
bP sig sd= Indi sk >ag igm
ar ma3 2 ic 23 el al
a,% 2 th at ,si 21 3
ST > 28 en or) gm >kl »age
ate e13 ; a23 6 113
Ind.z,kz ,ag »sigm
ica 3 el2 alé
t ,si 3
or) igm » k3 »28
; a23 1,si el16
,a
ge gma
123,k32 31,agel
3
L si 1
igma3
2
»age
132

99



w w
-~ ~J
wW N

w W
=~
[GLEFEN

if ps1=2 & ps2=3 & ps3=2& ps4=3 & cs4=4 then

pl=int_first4(n,fsigma23,k32,sigma32,agel132,k23,sigma23,agel123,k34,sigma34,agel34
,%weibullPara ,%tranProbPara,%stateIndicator);

if ps1=2 & ps2=3 & ps3=2& ps4=3 & cs4=6 then

pl=int_first4(n,fsigma23,k32,sigma32,agel132,k23,sigma23,agel23,k36,sigma36,agel36
,hweibullPara,%tranProbPara,%stateIndicator);

if ps1=3 & ps2=1 & ps3=2& ps4=1 & cs4=2 then

pl=int_first4(n,fsigma31l,k12,sigmal2,agell12 ,k21,sigma2l,agel21 ,k12,sigmal2,agell?2
,hweibullPara ,%tranProbPara,%stateIndicator);

if ps1=3 & ps2=1 & ps3=2& ps4=1 & cs4=3 then

pl=int_first4(n,fsigma3l,k12,sigmal2,agell12,k21,sigma2l,agel121 ,k13,sigmal3,agell3
,%weibullPara,%tranProbPara,%stateIndicator);

if ps1=3 & ps2=1 & ps3=2& ps4=1 & cs4=6 then

pl=int_first4(n,fsigma3l,k12,sigmal2,agell12,k21,sigma2l,agel21,k16,sigmal6 ,agell6
,hweibullPara,j%tranProbPara,%stateIndicator);

if ps1=3 & ps2=1 & ps3=2& ps4=3 & cs4=1 then

pl=int_first4(n,fsigma31l,k12,sigmal2,agell12 ,k23,sigma23,agel123,k31,sigma31l,agel31
,hweibullPara,%tranProbPara,%statelndicator);

if ps1=3 & ps2=1 & ps3=2& ps4=3 & cs4=2 then

pl=int_first4(n,fsigma3l ,k12,sigmal2,agell12,k23,sigma23,agel123,k32,sigma32,agel32
,%weibullPara,)tranProbPara,stateIndicator);

if ps1=3 & ps2=1 & ps3=2& ps4=3 & cs4=4 then

pl=int_first4(n,fsigma3l,k12,sigmal2,agell12,k23,sigma23,agel123 ,k34,sigma34,agel34
,%hweibullPara,%tranProbPara,%stateIndicator);

if ps1=3 & ps2=1 & ps3=2& ps4=3 & cs4=6 then

pl=int_first4(n,fsigma31l,k12,sigmal2,agell12,k23,sigma23,agel23,k36,sigma36,agel36
,hweibullPara,%tranProbPara,%stateIndicator);

if ps1=3 & ps2=1 & ps3=3& ps4=1 & cs4=2 then

pl=int_first4(n,fsigma31,k13,sigmal3,agel113,k31,sigma31l,agel131,k12,sigmal2,agell2
,%weibullPara,)tranProbPara,stateIndicator);

if ps1=3 & ps2=1 & ps3=3& ps4=1 & cs4=3 then

pl=int_first4(n,fsigma31l,k13,sigmal3 ,agel113,k31,sigma31l,agel131,k13,sigmal3,agell3
,%hweibullPara,%tranProbPara,%stateIndicator);

if ps1=3 & ps2=1 & ps3=3& psé4=1 & cs4=6 then

pl=int_first4(n,fsigma31l,k13,sigmal3,agel13,k31,sigma31,agel131,k16,sigmal6 ,agell6
,hweibullPara,%tranProbPara,%stateIndicator);

if ps1=3 & ps2=1 & ps3=3& ps4=2 & cs4=1 then

pl=int_first4(n,fsigma31l ,k13,sigmal3,agel13,k32,sigma32,agel132,k21,sigma2l,agel21
,%hweibullPara ,%tranProbPara,%stateIndicator) ;

if ps1=3 & ps2=1 & ps3=3& ps4=2 & cs4=3 then

pl=int_first4(n,fsigma31l,k13,sigmal3,agel113,k32,sigma32,agel132,k23,sigma23,agel23
,%weibullPara ,%tranProbPara,%stateIndicator);

if ps1=3 & ps2=1 & ps3=3& ps4=2 & cs4=4 then

pl=int_first4(n,fsigma31l,k13,sigmal3 ,agel13,k32,sigma32,agel132,k24,sigma24,agel24
,hweibullPara,%tranProbPara,%stateIndicator);

if ps1=3 & ps2=1 & ps3=3& ps4=2 & cs4=6 then

pl=int_first4(n,fsigma31l,k13,sigmal3 ,agel13,k32,sigma32,agel132,k26,sigma26,agel26
,hweibullPara,%tranProbPara,%statelndicator) ;

if ps1=3 & ps2=2 & ps3=1& ps4=2 & cs4=1 then

pl=int_first4(n,fsigma32,k21,sigma2l,agel21 ,k12,sigmal2,agell12,k21,sigma2l,agel21
,%hweibullPara ,%tranProbPara,%stateIndicator);

if ps1=3 & ps2=2 & ps3=1& ps4=2 & cs4=3 then

pl=int_first4(n,fsigma32,k21,sigma2l,agel21 ,k12,sigmal2,agell12,k23,sigma23,agel23
,hweibullPara,%tranProbPara,%stateIndicator);

if ps1=3 & ps2=2 & ps3=1& ps4=2 & cs4=4 then

pl=int_first4(n,fsigma32,k21,sigma2l,agel21 ,k12,sigmal2,agell2 ,k24,sigma24,agel24
,hweibullPara,%tranProbPara,%stateIndicator);

if ps1=3 & ps2=2 & ps3=1& ps4=2 & cs4=6 then

pl=int_first4(n,fsigma32,k21,sigma21l,agel21 ,k12,sigmal2,agell12 ,k26,sigma26,agel26
,%weibullPara,)tranProbPara,stateIndicator);

if ps1=3 & ps2=2 & ps3=1& ps4=3 & cs4=1 then

pl=int_first4(n,fsigma32,k21,sigma2l,agel21 ,k13,sigmal3 ,agel113,k31,sigma3l,agel31
,%hweibullPara ,%tranProbPara,%stateIndicator);

if ps1=3 & ps2=2 & ps3=1& ps4=3 & cs4=2 then

pl=int_first4(n,fsigma32,k21,sigma2l,agel21 ,k13,sigmal3 ,agell13,k32,sigma32,agel32
,hweibullPara,%tranProbPara,%stateIndicator);

if ps1=3 & ps2=2 & ps3=1& ps4=3 & cs4=4 then

pl=int_first4(n,fsigma32,k21,sigma21,agel21 ,k13,sigmal3 ,agel113,k34,sigma34,agel34
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,%hweibullPara,%tranProbPara,%stateIndicator);

4102 if ps1=3 & ps2=2 & ps3=1& ps4=3 & cs4=6 then

403 pl=int_first4(n,fsigma32,k21,sigma2l,agel21 ,k13,sigmal3 ,agell13,k36,sigma36,agel36
,hweibullPara,%tranProbPara,%stateIndicator);

404 if ps1=3 & ps2=2 & ps3=3& ps4=1 & cs4=2 then

105 pl=int_first4(n,fsigma32,k23,sigma23,agel23,k31,sigma31l,agel131,k12,sigmal2,agell2
,%hweibullPara ,%tranProbPara,%stateIndicator) ;

106 if ps1=3 & ps2=2 & ps3=3& ps4=1 & cs4=3 then

407 pl=int_first4(n,fsigma32,k23,sigma23,agel123,k31,sigma31l,agel131,k13,sigmal3 ,agell3
,%weibullPara,%tranProbPara,%stateIndicator);

408 if ps1=3 & ps2=2 & ps3=3& psé4=1 & cs4=6 then

409 pl=int_first4(n,fsigma32,k23,sigma23,agel123,k31,sigma31,agel131,k16,sigmal6 ,agell6

,hweibullPara,j%tranProbPara,%stateIndicator);

) if ps1=3 & ps2=2 & ps3=3& ps4=2 & cs4=1 then

111 pl=int_first4(n,fsigma32,k23,sigma23,agel123,k32,sigma32,agel132,k21,sigma2l,agel21
,%hweibullPara ,%tranProbPara,%stateIndicator) ;

112 if ps1=3 & ps2=2 & ps3=3& ps4=2 & cs4=3 then

113 pl=int_first4(n,fsigma32,k23,sigma23,agel123,k32,sigma32,agel132,k23,sigma23,agel23
,%weibullPara,%tranProbPara,%stateIndicator);

114 if ps1=3 & ps2=2 & ps3=3& ps4=2 & cs4=4 then

415 pl=int_first4(n,fsigma32,k23,sigma23,agel123,k32,sigma32,agel132,k24,sigma24,agel24
,hweibullPara,%tranProbPara,%stateIndicator);

416 if psl1=3 & ps2=2 & ps3=3& ps4=2 & cs4=6 then

117 pl=int_first4(n,fsigma32,k23,sigma23,agel123,k32,sigmal32,agel132,k26,sigma26,agel26
,hweibullPara,%tranProbPara,%statelndicator);

418 end;

119 if (indxi=5) then do;

420 if ps1=3 & ps2=1 & ps3=2& ps4=1& ps5=2 & csb5=1 then

121 pl=int_first5(n,fsigma31l ,k12,sigmal2,agell12,k21,sigma2l,agel121,k12,sigmal2,agell2
,k21 ,sigma21 ,agel21 ,)weibullPara,%tranProbPara,)statelndicator);

22 if ps1=3 & ps2=1 & ps3=2& psd4=1& ps5=2 & cs5=3 then

23 pl=int_first5(n,fsigma31l,k12,sigmal2,agell12,k21,sigma2l,agel121,k12,sigmal2,agell2

,k23,sigma23,agel23,%weibullPara,%tranProbPara,)statelndicator);
424 if ps1=3 & ps2=1 & ps3=2& psé4=1& ps5=2 & csb5=4 then

425 pl=int_first5(n,fsigma31l,k12,sigmal2,agell12,k21,sigma2l,agel21,k12,sigmal2,agell?2
,k24 ,sigma24 ,agel24 ,)weibullPara,jtranProbPara,)statelndicator);

426 if ps1=3 & ps2=1 & ps3=2& ps4=1& ps5=2 & cs5=6 then

427 pl=int_first5(n,fsigma31l ,k12,sigmal2,agell12,k21,sigma2l,agel21,k12,sigmal2,agell2

,k26 ,sigma26 ,agel26 ,%weibullPara ,%tranProbPara,)statelndicator);
128 if ps1=3 & ps2=1 & ps3=2& psd4=1& ps5=3 & cs5=1 then

129 pl=int_first5(n,fsigma31l ,k12,sigmal2,agell12,k21,sigma2l,agel121,k13,sigmal3,agell3
,k31,sigma31,agel31,%weibullPara,%tranProbPara,)statelndicator);

430 if ps1=3 & ps2=1 & ps3=2& psé4=1& psb=3 & csb5=2 then

431 pl=int_first5(n,fsigma31,k12,sigmal2,agel12,k21,sigma21,agel21 ,k13,sigmall3,agell3

,k32,sigma32,agel132,)weibullPara,%tranProbPara,)statelndicator);

432 if ps1=3 & ps2=1 & ps3=2& ps4=1& ps5=3 & cs5=4 then

133 pl=int_first5(n,fsigma31l,k12,sigmal2,agell12 ,k21,sigma2l,agel21,k13,sigmal3 , agell3
,k34 ,sigma34 ,agel34 ,)weibullPara,jtranProbPara,)statelndicator);

434 if ps1=3 & ps2=1 & ps3=2& ps4=1& ps5=3 & cs5=6 then

135 pl=int_first5(n,fsigma31l ,k12,sigmal2,agell12,k21,sigma2l,agel121,k13,sigmal3,agell3
,k36 ,sigma36 ,agel36 ,%weibullPara,%tranProbPara,)statelndicator);

136 if ps1=3 & ps2=1 & ps3=2& ps4=3& psb=1 & csb5=2 then

437 pl=int_first5(n,fsigma3l ,k12,sigmal2,agell12,k23,sigma23,agel123,k31,sigma3l,agel31
,k12 ,sigmal2 ,agell12 ,)weibullPara,%tranProbPara,)statelndicator);

438 if ps1=3 & ps2=1 & ps3=2& ps4=3& psb=1 & cs5=3 then

139 pl=int_first5(n,fsigma31l,k12,sigmal2,agell12 ,k23,sigma23,agel123,k31,sigma31l,agel31
,k13 ,sigmal3 ,agel13,)weibullPara,%tranProbPara,)statelndicator);

440 if ps1=3 & ps2=1 & ps3=2& ps4=3& psb=1 & cs5=6 then

141 pl=int_first5(n,fsigma3l ,k12,sigmal2,agell12,k23,sigma23,agel123,k31,sigma3l,agel31
,k16 ,sigmal6 ,agell6 ,)weibullPara ,/%tranProbPara,)statelndicator);

142 if ps1=3 & ps2=1 & ps3=2& ps4=3& psb5=2 & cs5=1 then

443 pl=int_first5(n,fsigma31l,k12,sigmal2,agell12,k23,sigma23,agel123,k32,sigma32,agel32
,k21,sigma21 ,agel21,%weibullPara,%tranProbPara,)statelndicator);

144 if ps1=3 & ps2=1 & ps3=2& ps4=3& ps5=2 & cs5=3 then

445 pl=int_first5(n,fsigma31l,k12,sigmal2,agell12,k23,sigma23,agel123,k32,sigma32,agel32
,k23 ,sigma23 ,agel123,)weibullPara,jtranProbPara,statelndicator);

446 if ps1=3 & ps2=1 & ps3=2& ps4=3& ps5=2 & cs5=4 then

147 pl=int_first5(n,fsigma31l ,k12,sigmal2,agell12,k23,sigma23,agel123,k32,sigma32,agel32
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,k24 ,sigma24 ,agel24 ,%weibullPara,%tranProbPara,)statelndicator);

if ps1=3 & ps2=1 & ps3=2& ps4=3& ps5=2 & cs5=6 then

pl=int_first5(n,fsigma31l,k12,sigmal2,agell12,k23,sigma23,agel123,k32,sigma32,agel32
,k26 ,sigma26 ,agel26 ,%weibullPara,%tranProbPara,)statelndicator);

if ps1=3 & ps2=1 & ps3=3& ps4=1& ps5=2 & cs5=1 then

pl=int_first5(n,fsigma31,k13,sigmal3,agel113,k31,sigma31l,agel131,k12,sigmal2,agell2
,k21 ,sigma21,agel21 ,)weibullPara,j%tranProbPara,)statelndicator);

if ps1=3 & ps2=1 & ps3=3& ps4=1& psb5=2 & csb5=3 then

pl=int_first5(n,fsigma31l,k13,sigmal3 ,agel113,k31,sigma31l,agel131,k12,sigmal2,agell2
,k23,sigma23 ,agel23,%weibullPara,%tranProbPara,)statelndicator);

if ps1=3 & ps2=1 & ps3=3& psé4=1& ps5=2 & csb5=4 then

pl=int_first5(n,fsigma31l,k13,sigmal3,agel13,k31,sigma31,agel131,k12,sigmal2,agell?2
,k24 ,sigma24 ,agel24 ,)weibullPara,jtranProbPara,)statelndicator);

if ps1=3 & ps2=1 & ps3=3& ps4=1& ps5=2 & cs5=6 then

pl=int_first5(n,fsigma31,k13,sigmal3,agel113,k31,sigma31,agel131,k12,sigmal2,agell2
,k26 ,sigma26 ,agel26 ,%weibullPara ,%tranProbPara,)statelndicator);

if ps1=3 & ps2=1 & ps3=3& ps4=1& ps5=3 & csb5=1 then

pl=int_first5(n,fsigma31,k13,sigmal3,agel113,k31,sigma31l,age131,k13,sigmal3 ,agell3
,k31,sigma31,agel31,%weibullPara,%tranProbPara,)statelndicator);

if ps1=3 & ps2=1 & ps3=3& ps4=1& psb=3 & csb5=2 then

pl=int_first5(n,fsigma31l,k13,sigmal3 ,agel113,k31,sigma3l,agel131,k13,sigmal3 ,agell3
,k32,sigma32,agel132,)weibullPara,jtranProbPara,)statelndicator);

if ps1=3 & ps2=1 & ps3=3& ps4=1& psb=3 & cs5=4 then

pl=int_first5(n,fsigma31l,k13,sigmal3 ,agel13,k31,sigma31,agel131,k13,sigmal3 , agell3
,k34 ,sigma34 ,agel34 ,)weibullPara,jtranProbPara,)statelndicator);

if ps1=3 & ps2=1 & ps3=3& ps4=1& ps5=3 & cs5=6 then

pl=int_first5(n,fsigma31,k13,sigmal3,agel113,k31,sigma31l,agel131,k13,sigmal3 ,agell3
,k36 ,sigma36 ,agel36 ,%weibullPara,%tranProbPara,’statelndicator);

if ps1=3 & ps2=1 & ps3=3& ps4=2& psb=1 & csb5=2 then

pl=int_first5(n,fsigma31l,k13,sigmal3 ,agel13,k32,sigma32,agel132,k21,sigma2l,agel21
,k12 ,sigmal2 ,agell12,%weibullPara,%tranProbPara,statelndicator);

if ps1=3 & ps2=1 & ps3=3& ps4=2& psb=1 & cs5=3 then

pl=int_first5(n,fsigma31l,k13,sigmal3 ,agel13,k32,sigmal32,agel132,k21,sigma2l,agel21
,k13 ,sigmal3 ,agel13,)weibullPara,%tranProbPara,)statelndicator);

if ps1=3 & ps2=1 & ps3=3& ps4=2& psb5=1 & cs5=6 then

pl=int_first5(n,fsigma31l ,k13,sigmal3,agel113,k32,sigma32,agel132,k21,sigma2l,agel21
,k16 ,sigmal6 ,agell6 ,)weibullPara ,%tranProbPara,)statelndicator);

if ps1=3 & ps2=1 & ps3=3& ps4=2& psb5=3 & csb=1 then

pl=int_first5(n,fsigma31l,k13,sigmal3 ,agel13,k32,sigma32,agel132,k23,sigma23,agel23
,k31,sigma31,agel31,%weibullPara,%tranProbPara,)statelndicator);

if ps1=3 & ps2=1 & ps3=3& ps4=2& ps5=3 & cs5=2 then

pl=int_first5(n,fsigma31,k13,sigmal3,agel13,k32,sigmal32,agel132,k23,sigma23,agel23
,k32,sigma32,agel132,)weibullPara,%tranProbPara,)statelndicator);

if ps1=3 & ps2=1 & ps3=3& ps4=2& ps5=3 & cs5=4 then

pl=int_first5(n,fsigma31,k13,sigmal3,agel113,k32,sigma32,agel132,k23,sigma23,agel23
,k34 ,sigma34 ,agel34 ,)weibullPara ,j%tranProbPara,)statelndicator);

if ps1=3 & ps2=1 & ps3=3& ps4=2& psb5=3 & csb5=6 then

pl=int_first5(n,fsigma31l,k13,sigmal3,agel113,k32,sigma32,agel132,k23,sigma23,agel23
,k36 ,sigma36 ,agel36,%weibullPara,%tranProbPara,)statelndicator);

if ps1=3 & ps2=2 & ps3=1& ps4=2& ps5=1 & cs5=2 then

pl=int_first5(n,fsigma32,k21,sigma2l,agel21 ,k12,sigmal2,agell2,k21,sigma2l,agel21
,k12 ,sigmal2 ,agell12,)weibullPara,%tranProbPara,)statelndicator);

if ps1=3 & ps2=2 & ps3=1& ps4=2& ps5=1 & cs5=3 then

pl=int_first5(n,fsigma32,k21,sigma21,agel21 ,k12,sigmal2,agel12,k21,sigma2l,agel21
,k13 ,sigmal3 ,agel13,)weibullPara,%tranProbPara,)statelndicator);

if ps1=3 & ps2=2 & ps3=1& ps4=2& psb=1 & cs5=6 then

pl=int_first5(n,fsigma32,k21,sigma2l,agel21 ,k12,sigmal2,agel12,k21,sigma2l,agel21
,k16 ,sigmal6 ,agell6 ,%weibullPara,%tranProbPara,)statelndicator);

if ps1=3 & ps2=2 & ps3=1& ps4=2& psb=3 & csb=1 then

pl=int_first5(n,fsigma32,k21,sigma2l,agel21 ,k12,sigmal2,agel12,k23,sigma23,agel23
,k31,sigma31,agel31 ,)weibullPara,%tranProbPara,)statelndicator);

if psl1=3 & ps2=2 & ps3=1& ps4=2& ps5=3 & cs5=2 then

pl=int_first5(n,fsigma32,k21,sigma2l,agel21 ,k12,sigmal2,agell12,k23,sigma23,agel23
,k32,sigma32,agel32,)weibullPara,%tranProbPara ,)statelndicator);

if ps1=3 & ps2=2 & ps3=1& ps4=2& ps5=3 & cs5=4 then

pl=int_first5(n,fsigma32,k21,sigma21l,agel21 ,k12,sigmal2,agel12,k23,sigma23,agel23
,k34 ,sigma34 ,agel34 ,)weibullPara,/%tranProbPara,)statelndicator);

if ps1=3 & ps2=2 & ps3=1& ps4=2& psb5=3 & csb5=6 then
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pl=int_first5(n,fsigma32,k21,sigma2l,agel21 ,k12,sigmal2,agell12,k23,sigma23,agel23
,k36 ,sigma36 ,agel36 ,%weibullPara,%tranProbPara,)statelndicator);

if ps1=3 & ps2=2 & ps3=1& ps4=3& psb5=1 & cs5=2 then

pl=int_first5(n,fsigma32,k21,sigma21,agel21 ,k13,sigmal3,agel113,k31,sigma3l,agel31
,k12 ,sigmal2 ,agell12 ,)weibullPara ,/%tranProbPara,)statelndicator);

if ps1=3 & ps2=2 & ps3=1& ps4=3& psb=1 & csb5=3 then

pl=int_first5(n,fsigma32,k21,sigma2l,agel21 ,k13,sigmal3,agel113,k31,sigma3l,agel31
,k13,sigmal3 ,agell13,%weibullPara,%tranProbPara,statelndicator);

if ps1=3 & ps2=2 & ps3=1& ps4=3& psb=1 & csb5=6 then

pl=int_first5(n,fsigma32,k21,sigma2l,agel21 ,k13,sigmal3 ,agell13,k31,sigma31,agel31
,k16 ,sigmal6 ,agell6 ,)weibullPara,%tranProbPara,)statelndicator);

if ps1=3 & ps2=2 & ps3=1& ps4=3& ps5=2 & cs5=1 then

pl=int_first5(n,fsigma32,k21,sigma21,agel21 ,k13,sigmal3,agel113,k32,sigma32,agel32
,k21,sigma2l1 ,agel21l ,)weibullPara,%tranProbPara,)statelndicator);

if ps1=3 & ps2=2 & ps3=1& ps4=3& psb=2 & cs5=3 then

pl=int_first5(n,fsigma32,k21,sigma2l,agel21 ,k13,sigmal3 ,agel113,k32,sigma32,agel32
,k23,sigma23,agel23,%weibullPara,%tranProbPara,)statelndicator);

if ps1=3 & ps2=2 & ps3=1& ps4=3& ps5=2 & csb=4 then

pl=int_first5(n,fsigma32,k21,sigma21,agel21,k13,sigmal3 ,agell13,k32,sigma32,agel32
,k24 ,sigma24 ,agel24 ,)weibullPara,jtranProbPara,)statelndicator);

if ps1=3 & ps2=2 & ps3=1& ps4=3& psb5=2 & cs5=6 then

pl=int_first5(n,fsigma32,k21,sigma21,agel21 ,k13,sigmal3,agel113,k32,sigma32,agel32
,k26 ,sigma26 ,agel26 ,%weibullPara ,%tranProbPara,)statelndicator);

if ps1=3 & ps2=2 & ps3=3& ps4=1& psb5=2 & csb5=1 then

pl=int_first5(n,fsigma32,k23,sigma23,agel123,k31,sigma31l,agel131,k12,sigmal2,agell2
,k21,sigma21 ,agel21,%weibullPara,%tranProbPara,)statelndicator);

if ps1=3 & ps2=2 & ps3=3& psé4=1& ps5=2 & csb5=3 then

pl=int_first5(n,fsigma32,k23,sigma23,agel123,k31,sigmal31,agel131,k12,sigmal2,agell?2
,k23 ,sigma23 ,agel123,)weibullPara,%tranProbPara,)statelndicator);

if ps1=3 & ps2=2 & ps3=3& ps4=1& ps5=2 & cs5=4 then

pl=int_first5(n,fsigma32,k23,sigma23,agel123,k31,sigma31,agel131,k12,sigmal2,agell?2
,k24 ,sigma24 ,agel24 ,)weibullPara,%tranProbPara,)statelndicator);

if ps1=3 & ps2=2 & ps3=3& ps4=1& psb5=2 & cs5=6 then

pl=int_first5(n,fsigma32,k23,sigma23,agel123,k31,sigma31l,agel131,k12,sigmal2,agell2
,k26 ,sigma26 ,agel26 ,%weibullPara,%tranProbPara,)statelndicator);

if ps1=3 & ps2=2 & ps3=3& ps4=1& psb5=3 & csb=1 then

pl=int_first5(n,fsigma32,k23,sigma23,agel123,k31,sigma31l,agel131,k13,sigmal3 ,agell3
,k31,sigma31,agel31 ,)weibullPara,%tranProbPara,)statelndicator);

if psl1=3 & ps2=2 & ps3=3& ps4=1& ps5=3 & cs5=2 then

pl=int_first5(n,fsigma32,k23,sigma23,agel123,k31,sigma31,agel131,k13,sigmal3 ,agell3
,k32,sigma32,agel132,)weibullPara,%tranProbPara,)statelndicator);

if ps1=3 & ps2=2 & ps3=3& ps4=1& ps5=3 & cs5=6 then

pl=int_first5(n,fsigma32,k23,sigma23,agel123,k31,sigma31l,agel131,k13,sigmal3,agell3
,k36 ,sigma36 ,agel36 ,)weibullPara ,/%tranProbPara,)statelndicator);

if ps1=3 & ps2=2 & ps3=3& ps4=2& psb=1 & csb=2 then

p1=int_first5(n,fsigma32,k23,sigma23,age123,k32,sigma32,age132,k21,sigma21,age121
,k12 ,sigmal2 ,agell12,%weibullPara,%tranProbPara,)statelndicator);

if ps1=3 & ps2=2 & ps3=3& ps4=2& ps5=1 & cs5=3 then

pl=int_first5(n,fsigma32,k23,sigma23,agel123,k32,sigmal32,agel132,k21,sigma2l,agel21
,k13 ,sigmal3 ,agel13,)weibullPara,%tranProbPara,)statelndicator);

if ps1=3 & ps2=2 & ps3=3& ps4=2& psb5=1 & cs5=6 then

pl=int_first5(n,fsigma32,k23,sigma23,agel23,k32,sigma32,agel132,k21,sigma2l,agel21
,k16 ,sigmal6 ,agell6 ,)weibullPara ,%tranProbPara,)statelndicator);

if ps1=3 & ps2=2 & ps3=3& ps4=2& psb5=3 & csb=1 then

pl=int_first5(n,fsigma32,k23,sigma23,agel123,k32,sigma32,agel132,k23,sigma23,agel23
,k31,sigma31,agel31,%weibullPara,%tranProbPara,statelndicator);

if ps1=3 & ps2=2 & ps3=3& ps4=2& ps5=3 & csb5=2 then

pl=int_first5(n,fsigma32,k23,sigma23,agel123,k32,sigmal32,agel132,k23,sigma23,agel23
,k32,sigma32,agel132,)weibullPara,%tranProbPara,)statelndicator);

if ps1=3 & ps2=2 & ps3=3& ps4=2& ps5=3 & cs5=4 then

pl=int_first5(n,fsigma32,k23,sigma23,agel23,k32,sigma32,agel132,k23,sigma23,agel23
,k34 ,sigma34 ,agel34 ,)weibullPara,jtranProbPara,)statelndicator);

if ps1=3 & ps2=2 & ps3=3& ps4=2& ps5=3 & cs5=6 then

pl=int_first5(n,fsigma32,k23,sigma23,agel123,k32,sigma32,agel132,k23,sigma23,agel23
,k36 ,sigma36 ,agel36 ,%weibullPara,%tranProbPara,)statelndicator);

if psil=1 & ps2=2 & ps3=1& ps4=2& psb=1 & csb5=2 then

pl=int_first5(n,fsigmal2 ,k21,sigma2l,agel21 ,k12,sigmal2,agell12,k21,sigma2l,agel21
,k12 ,sigmal2 ,agell12,)weibullPara,%tranProbPara,)statelndicator);
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,k13,sigmal3 ,agell13,%weibullPara,%tranProbPara,)statelndicator);
if psl=1 & ps2=2 & ps3=3& ps4=2& ps5=1 & cs5=6 then
pl=int_first5(n,fsigmal2 ,k23,sigma23,agel123,k32,sigmal32,agel132,k21,sigma2l,agel21
,k16 ,sigmal6 ,agell16 ,)weibullPara,%tranProbPara,)statelndicator);
if psl=1 & ps2=2 & ps3=3& ps4=2& ps5=3 & cs5=1 then
pl=int_first5(n,fsigmal2 ,k23,sigma23,agel23,k32,sigma32,agel132,k23,sigma23,agel23
,k31,sigma31,agel31,)weibullPara,%tranProbPara,)statelndicator);
if psl=1 & ps2=2 & ps3=3& ps4=2& psb5=3 & csb5=2 then
pl=int_first5(n,fsigmal2 ,k23,sigma23,agel123,k32,sigma32,agel132,k23,sigma23,agel23
,k32,sigma32,agel132,%weibullPara,%tranProbPara,)statelndicator);
if psl=1 & ps2=2 & ps3=3& ps4=2& ps5=3 & cs5=4 then
pl=int_first5(n,fsigmal2 ,k23,sigma23,agel123,k32,sigma32,agel132,k23,sigma23,agel23
,k34 ,sigma34 ,agel34 ,)weibullPara,jtranProbPara,)statelndicator);
if psl=1 & ps2=2 & ps3=3& ps4=2& ps5=3 & cs5=6 then
pl=int_first5(n,fsigmal2 ,k23,sigma23,agel23,k32,sigma32,agel132,k23,sigma23,agel23
,k36 ,sigma36 ,agel36 ,%weibullPara ,j%tranProbPara ,)statelndicator);
if psl=1 & ps2=3 & ps3=1& ps4=2& psb=1 & cs5=2 then
pl=int_first5(n,fsigmal3 ,k31,sigma31,agel31,k12,sigmal2,agel12,k21,sigma2l,agel21
,k12 ,sigmal2 ,agell2,%weibullPara,%tranProbPara,)statelndicator);
if psl=1 & ps2=3 & ps3=1& ps4=2& psb=1 & csb5=3 then
pl=int_first5(n,fsigmal3 ,k31,sigma31l,agel131,kl12,sigmal2,agel12,k21,sigma2l,agel21
,k13 ,sigmal3 ,agel13,)weibullPara,%tranProbPara,)statelndicator);
if psl=1 & ps2=3 & ps3=1& ps4=2& psb5=1 & cs5=6 then
pl=int_first5(n,fsigmal3 ,k31,sigma31,agel131,k12,sigmal2,agell2 ,k21,sigma2l,agel21
,k16 ,sigmal6 ,agell16 ,)weibullPara ,%tranProbPara,)statelndicator);
if psl=1 & ps2=3 & ps3=1& ps4=2& ps5=3 & cs5=1 then
pl=int_first5(n,fsigmal3 ,k31,sigma31,agel131,k12,sigmal2,agel12,k23,sigma23,agel23
,k31,sigma31,agel31,%weibullPara,%tranProbPara,’statelndicator);
if psl=1 & ps2=3 & ps3=1& ps4=2& psb5=3 & csb=2 then
pl=int_first5(n,fsigmal3 ,k31,sigma31l,agel131,k12,sigmal2,agel12,k23,sigma23,agel23
,k32,sigma32,agel132,%weibullPara,%tranProbPara,statelndicator);
if psl=1 & ps2=3 & ps3=1& ps4=2& psb=3 & csb5=4 then
pl=int_first5(n,fsigmal3,k31,sigma31,agel131,k12,sigmal2,agell12,k23,sigma23,agel23
,k34 ,sigma34 ,agel34 ,)weibullPara,jtranProbPara,)statelndicator);
if psl=1 & ps2=3 & ps3=1& ps4=2& ps5=3 & cs5=6 then
pl=int_first5(n,fsigmal3 ,k31,sigma31,agel131,k12,sigmal2,agel12,k23,sigma23,agel23
,k36 ,sigma36 ,agel36 ,)weibullPara ,%tranProbPara,)statelndicator);
if psl=1 & ps2=3 & ps3=1& ps4=3& psb=1 & csb5=2 then
pl=int_first5(n,fsigmal3 ,k31,sigma31l,agel131,k13,sigmal3,agel113,k31,sigma3l,agel31
,k12 ,sigmal2 ,agell12,%weibullPara,%tranProbPara,)statelndicator);
if psl=1 & ps2=3 & ps3=1& ps4=3& ps5=1 & cs5=3 then
pl=int_first5(n,fsigmal3,k31,sigma31,agel131,k13,sigmal3 ,agell13,k31,sigma31,agel31
,k13 ,sigmal3 ,agel13,)weibullPara,%tranProbPara,statelndicator);
if psl=1 & ps2=3 & ps3=1& ps4=3& psb5=1 & cs5=6 then
pl=int_first5(n,fsigmal3 ,k31,sigma31,agel131,k13,sigmal3,agel113,k31,sigma3l,agel31
,k16 ,sigmal6 ,agell6 ,)weibullPara ,%tranProbPara,)statelndicator);
if psl=1 & ps2=3 & ps3=1& ps4=3& psb5=2 & csb=1 then
pl=int_first5(n,fsigmal3 ,k31,sigma31,agel131,k13,sigmal3 ,agel113,k32,sigma32,agel32
,k21,sigma21,agel21,%weibullPara,%tranProbPara,)statelndicator);
if psl=1 & ps2=3 & ps3=1& ps4=3& ps5=2 & csb5=3 then
pl=int_first5(n,fsigmal3,k31,sigma31,agel131,k13,sigmal3 ,agell13,k32,sigma32,agel32
,k23 ,sigma23 ,agel123,)weibullPara,%tranProbPara,)statelndicator);
if psl=1 & ps2=3 & ps3=1& ps4=3& ps5=2 & cs5=4 then
pl=int_first5(n,fsigmal3,k31,sigma31,agel131,k13,sigmal3,agel113,k32,sigma32,agel32
,k24 ,sigma24 ,agel24 ,)weibullPara,%tranProbPara,)statelndicator);
if psl=1 & ps2=3 & ps3=1& ps4=3& psb5=2 & cs5=6 then
pl=int_first5(n,fsigmal3 ,k31,sigma31,agel131,k13,sigmal3,agel113,k32,sigma32,agel32
,k26 ,sigma26 ,agel26 ,%weibullPara ,%tranProbPara,)statelndicator);
if psl=1 & ps2=3 & ps3=2& psé4=1& psb=2 & csb=1 then
pl=int_first5(n,fsigmal3 ,k32,sigmal32,agel132,k21,sigma2l,agel21,k12,sigmal2,agell2
,k21,sigma21 ,agel21 ,)weibullPara,%tranProbPara,)statelndicator);
if psl=1 & ps2=3 & ps3=2& ps4=1& ps5=2 & cs5=3 then
pl=int_first5(n,fsigmal3,k32,sigma32,agel132,k21,sigma2l,agel21,k12,sigmal2,agell?2
,k23 ,sigma23 ,agel123,)weibullPara,%tranProbPara,)statelndicator);
if psl=1 & ps2=3 & ps3=2& ps4=1& psb5=2 & cs5=4 then
pl=int_first5(n,fsigmal3 ,k32,sigma32,agel132,k21,sigma2l,agel121,k12,sigmal2,agell2
,k24 ,sigma24 ,agel24 ,)weibullPara ,/%tranProbPara,)stateIndicator);
if psl=1 & ps2=3 & ps3=2& ps4=1& psb5=2 & csb=6 then
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pl=int_first5(n,fsigmal3 ,k32,sigma32,agel132,k21,sigma2l,agel21 ,k12,sigmal2,agell?2
,k26 ,sigma26 ,agel26 ,%weibullPara,%tranProbPara ,)statelndicator);

if psl=1 & ps2=3 & ps3=2& ps4=1& ps5=3 & csb5=1 then

pl=int_first5(n,fsigmal3 ,k32,sigma32,agel132,k21,sigma2l ,agel121,k13,sigmal3,agell3
,k31,sigma31,agel31,)weibullPara,/%tranProbPara,)statelndicator);

if psl=1 & ps2=3 & ps3=2& ps4=1& psb5=3 & csb=2 then

p1=int_first5(n,fsigma13,k32,sigma32,age132,k21,sigma21,age121,k13,sigma13,age113
,k32,sigma32,agel132,%weibullPara,%tranProbPara,statelndicator);

if psl=1 & ps2=3 & ps3=2& ps4=1& psb=3 & csb5=4 then

pl=int_first5(n,fsigmal3,k32,sigma32,agel132,k21,sigma2l,agel21 ,k13,sigmal3 ,agell3
,k34 ,sigma34 ,agel134 ,)weibullPara,jtranProbPara,statelndicator);

if psl=1 & ps2=3 & ps3=2& ps4=1& ps5=3 & cs5=6 then

pl=int_first5(n,fsigmal3 ,k32,sigma32,agel32,k21,sigma2l,agel121,k13,sigmal3,agell3
,k36 ,sigma36 ,agel36 ,)weibullPara ,%tranProbPara,)statelndicator);

if psl=1 & ps2=3 & ps3=2& ps4=3& psb=1 & csb5=2 then

pl=int_first5(n,fsigmal3 ,k32,sigmal32,agel132,k23,sigma23,age123,k31,sigma3l,agel31
,k12 ,sigmal2 ,agell12 ,%weibullPara,%tranProbPara,)statelndicator);

if psl=1 & ps2=3 & ps3=2& ps4=3& ps5=1 & cs5=3 then

pl=int_first5(n,fsigmal3,k32,sigma32,agel132,k23,sigma23,agel123,k31,sigma31,agel31
,k13 ,sigmal3 ,agel13,)weibullPara,%tranProbPara,)statelndicator);

if psl=1 & ps2=3 & ps3=2& ps4=3& psb5=1 & cs5=6 then

pl=int_first5(n,fsigmal3 ,k32,sigma32,agel132,k23,sigma23,agel123,k31,sigma3l,agel31
,k16 ,sigmal6 ,agell6 ,)weibullPara ,%tranProbPara,)statelndicator);

if psl=1 & ps2=3 & ps3=2& ps4=3& psb5=2 & csb=1 then

pl=int_first5(n,fsigmal3 ,k32,sigma32,agel132,k23,sigma23,agel123,k32,sigma32,agel32
,k21,sigma21 ,agel21,%weibullPara,%tranProbPara,)statelndicator);

if psl=1 & ps2=3 & ps3=2& ps4=3& ps5=2 & csb5=3 then

pl=int_first5(n,fsigmal3,k32,sigma32,agel132,k23,sigma23,agel23,k32,sigma32,agel32
,k23 ,sigma23 ,agel123,)weibullPara,%tranProbPara,)statelndicator);

if psl=1 & ps2=3 & ps3=2& ps4=3& ps5=2 & cs5=4 then

pl=int_first5(n,fsigmal3,k32,sigma32,agel132,k23,sigma23,agel123,k32,sigma32,agel32
,k24 ,sigma24 ,agel24 ,)weibullPara,%tranProbPara,)statelndicator);

if psl=1 & ps2=3 & ps3=2& ps4=3& psb5=2 & cs5=6 then

pl=int_first5(n,fsigmal3 ,k32,sigma32,agel132,k23,sigma23,agel123,k32,sigma32,agel32
,k26 ,sigma26 ,agel26 ,%weibullPara,%tranProbPara,)statelndicator);

if ps1=2 & ps2=3 & ps3=1& ps4=2& psb=1 & csb5=2 then

pl=int_first5(n,fsigma23,k31,sigma31l,agel131,k12,sigmal2,agel12,k21,sigma2l,agel21
,k12 ,sigmal2 ,agel12,)weibullPara,%tranProbPara,)statelndicator);

if psl1=2 & ps2=3 & ps3=1& ps4=2& psb5=1 & cs5=3 then

pl=int_first5(n,fsigma23,k31,sigma31,agel131,k12,sigmal2,agell2,k21,sigma2l,agel21
,k13 ,sigmal3 ,agel13,)weibullPara,%tranProbPara,)statelndicator);

if ps1=2 & ps2=3 & ps3=1& ps4=2& psb5=1 & cs5=6 then

pl=int_first5(n,fsigma23,k31,sigma31,agel131,k12,sigmal2,agel12,k21,sigma2l,agel21
,k16 ,sigmal6 ,agell6 ,)weibullPara ,%tranProbPara,)stateIndicator);

if ps1=2 & ps2=3 & ps3=1& ps4=2& ps5=3 & csb=1 then

p1=int_first5(n,fsigma23,k31,sigmaSl,age131,k12,sigma12,age112,k23,sigma23,age123
,k31,sigma31,agel31,%weibullPara,%tranProbPara,statelndicator);

if ps1=2 & ps2=3 & ps3=1& ps4=2& ps5=3 & cs5=2 then

pl=int_first5(n,fsigma23,k31,sigma31,agel131,k12,sigmal2,agell12,k23,sigma23,agel23
,k32,sigma32,agel32,)weibullPara,%tranProbPara,statelndicator);

if ps1=2 & ps2=3 & ps3=1& ps4=2& ps5=3 & cs5=4 then

pl=int_first5(n,fsigma23,k31,sigma31,agel131,k12,sigmal2,agel12,k23,sigma23,agel23
,k34 ,sigma34 ,agel34 ,)weibullPara,/%tranProbPara,)statelndicator);

if ps1=2 & ps2=3 & ps3=1& ps4=2& psb5=3 & cs5=6 then

p1=int_first5(n,fsigma23,k31,sigmaSl,age131,k12,sigma12,age112,k23,sigma23,age123
,k36 ,sigma36 ,agel36,%weibullPara,%tranProbPara,)statelndicator);

if ps1=2 & ps2=3 & ps3=1& ps4=3& ps5=1 & cs5=2 then

pl=int_first5(n,fsigma23,k31,sigma31,agel131,k13,sigmal3 ,agel13,k31,sigma31,agel31
,k12 ,sigmal2 ,agell12 ,)weibullPara,%tranProbPara,)statelndicator);

if ps1=2 & ps2=3 & ps3=1& ps4=3& psb5=1 & cs5=3 then

pl=int_first5(n,fsigma23,k31,sigma31,agel131,k13,sigmal3,agel113,k31,sigma31l,agel31
,k13 ,sigmal3 ,agel13,)weibullPara ,%tranProbPara,)statelndicator);

if ps1=2 & ps2=3 & ps3=1& ps4=3& psb5=1 & cs5=6 then

pl=int_first5(n,fsigma23,k31,sigma31,agel131,k13,sigmal3,agel113,k31,sigma3l,agel31
,k16 ,sigmal6 ,agell6 ,%weibullPara ,%tranProbPara,)statelndicator);

if ps1=2 & ps2=3 & ps3=1& ps4=3& psb=2 & csb=1 then

pl=int_first5(n,fsigma23,k31,sigma31,agel131,k13,sigmal3 ,agel13,k32,sigma32,agel132
,k21,sigma21 ,agel21 ,)weibullPara,%tranProbPara,)statelndicator);
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if1p51=2 & ps2=3 & ps3=1& ps4=3& psb=2 & csb5=3 then
pl=int_first5(n,fsigma23,k31,sigma31 i
,k23,sigma23,age123,%weigulfPara’;fiii;,k;:’SIg?als,agel%s,kSQ,SigmaSQ’age132
it pslon b pooes b beserk > 25 robPara,%statelndicator);
o1 ine firoas .t P ps4=3& ps5=2 & cs5=4 then
= _firs n,fsigma23,k31,sigma3l,a i
. . , ,agel31 ,k13,sigmal3 ,agell13 ,k i
. ,524,51gma24,age124,%weibullPara,ZtranProbPara %state%ndic;tizgélgma32’ag6132
1p1p§1;2f& ps2?3 & ps3=1& ps4=3& ps5=2 & cs5=6 then o
=int_first5(n,fsigma23,k31,sigma3l,a i
: s s ,agel31,k13,s i
‘ ,k26 ,sigma26 ,agel26 ,%weibullPara,%t 1g?a13’agei%3’k32’51gma32’agel32
htr
I e i A 2 ,htranProbPara ,%stateIndicator);
oiiine £ pts( ps3=2& ps4=1& ps5=2 & csb=1 then ’
= _firs n,fsigma23,k32,sigma32,a i
: s s ,age132,k21,sigma21 i
. ,k21,sigma21,agel21,%weibullPara,’%t Sre ’agelgl’k12’515m312’a59112
it peios b oooaes b 2 ,htranProbPara ,%stateIndicator);
L ptSE ps3=2& ps4=1& ps5=2 & csb5=3 then ’
= _firs n,fsigma23,k32,sigma32,a i
. . , ,agel32 ,k21,sigma2l,agel i
. 1k23,51gma23,age123,%weibullPara,ZtranProbParagVstatei‘idii;fii;Slgma12,age112
- > sh 5
1p1p§nt2f% p:éES & ps3=2& psé4=1& psb5=2 & csb=4 then ’
= _firs n,fsigma23,k32,sigma32,a i
. . , ,agel32 ,k21,sigma2l,agel i
g ,k24,51gma24,age124,%weibullPara,ZtranProbParagVstate%reldiiz’nl:{lz)’Slgma12’agell2
< 2 sh or);
1p1pi1t2f¥ psEES & ps3=2& ps4=1& psb5=2 & cs5=6 then ’
=int_firstb5(n,fsigma23,k32,sigma32,a i
. . 5 ,agel32,k21,sigma21,agel21 i
. ,k26 ,sigma26 ,agel126 ,%weibullPara,%tranProbP K Tndi rory; Enal nEellz
it peinay iERal, 2 ara,%stateIndicator);
L P 5; ps3=2& ps4=1& ps5=3 & cs5=1 then
=int _firstb5(n,fsigma23,k32,sigma32,a i
. ) , ,agel32 ,k21,si 21 i
. ,k31,sigma31,agel31,%weibullPara,%t g?a sagel?l’k13:31gm313’383113
it peiy bl 3 ,htranProbPara,’%stateIndicator);
biine t1 pts( ps3=2& ps4=1& ps5=3 & cs5=2 then
= _firs n,fsigma23,k32,sigma32,a i
: s s ,agel32 ,k21,si i
. ,k32,sigma32,agel32,%weibullPara,’t 3?321:agel?l:k13:51gm313xage113
it peiy b iR, 3 ,%tranProbPara,)stateIndicator);
biine t1 P 5; ps3=2& ps4=1& ps5=3 & csb5=4 then ’
= _first5(n,fsigma23,k32,sigma32,a i
. . s ,agel32 ,k21,sigma21,agel2 i
g ik34,51gma34,agelB4,ZweibullPara,%tranProbParag%state%zdii;fii;'Slgmais’ageil3
1p1p? ;2f¥ ps§?3 & ps3=2& ps4=1& ps5=3 & csb=6 then ’
=int _firstb5(n,fsigma23,k32,sigma32,a i
: ) , ,agel32 ,k21,si 21 i
. ,k36 ,sigma36 ,agel36,%weibullPara,%t g?a :agel?l’k13:51gm313’383113
it peie b s 3 ,htranProbPara,’%stateIndicator);
biine f1 pts( ps3=2& ps4=3& ps5=1 & cs5=2 then
= _firs n,fsigma23,k32,sigma32,a i
: s s ,agel32,k23,si i
. ,k12 ,sigmal2 ,agel12 ,%weibullPara,’t g?a23:agel?3:k31:31gma31:agelSl
it peis b anris t ,htranProbPara,%statelndicator);
biine ti P 2 ps3=2& ps4=3& ps5=1 & cs5=3 then '
= _first5(n, fsi i
oo malé 51gma23:k32,51gma32,age132,k23,sigma23,age123,k31,sigma31 agel31
iy 51_2 & g 2 ,agel13 ,)weibullPara,%tranProbPara,)statelndicator); %8
plpi ; s psEES & ps3=2& ps4=3& psb=1 & cs5=6 then ’
=int _firstb5(n,fsigma23,k32,sigma32,a i
: , B ,agel32 ,k23,sigma23 i
. ,k16 ,sigmal6 ,agel16 ,%weibullPara,%tr Sne ’a891?3,k31:51gma31:389131
it psloo b pooed b 2 ,htranProbPara ,%stateIndicator);
o1ine £ P 52 ps3=2& ps4=3& ps5=2 & cs5=1 then ’
=int_firstb(n,fsigma23,k32,sigma32,a i
. . , ,agel32 ,k23,sigma23, 1 i
. ,k21,51gma21,age121,%weibullPara,ZtranProbParagVstatZ%ﬁdii;fizgSlgma32’ag6132
- - s h r);
1p1pi;t2f& p::ES & ps3=2& ps4=3& ps5=2 & cs5=3 then ’
= _firs n,fsigma23,k32,sigma32,a i
: s s ,agel132,k23,si 2 i
‘ ,k23 ,sigma23 ,agel123,)weibullPara,’%t P g?a 3’agelg3’k32’51gma32’agel32
it peia i e, 2 ,%tranProbPara,)stateIndicator);
oiiine £ P 2 ps3=2& ps4=3& ps5=2 & csb5=4 then ’
=int_first5(n,fsigma23,k32,sigma32,a i
- s s ,agel32,k23,si 2 i
. ,k24 ,sigma24 ,agel24 ,%weibullPara,%t P g?a 3,ag91?3:k32,515ma32:agel32
it psios b oooaes b ,htranProbPara ,%stateIndicator);
o1iine £ P 52 ps3=2& ps4=3& ps5=2 & csb=6 then ’
=int_firstb5(n,fsigma23,k32,sigma32,a i
: B s ,agel32,k23,si i
. ,k26 ,sigma26 ,agel26 ,%weibullPara,’%t 8?a23,a861?3,k32,31gma32,a86132
it peig i e, 2 ,htranProbPara,’%stateIndicator);
biine t1 pts( ps3=2& ps4=1& ps5=2 & cs5=1 then ’
= _firs n,fsigma21,k12,sigmal2,a i
: s s ,agell2 ,k21,si i
A ,k21 ,sigma21,agel21 ,)weibullPara,’%t g?a21’agel?l’k12’51gm312’ag6112
it peing iiiEndt, 2 ,%tranProbPara,)stateIndicator);
bibine £ P 2 ps3=2& ps4=1& ps5=2 & cs5=3 then ’
=int_firstb5(n,fsigma21 ,k12,sigmal2,a i
. . 5 ,agell2 ,k21,sigma21,agel21 i
. ,k23,sigma23,age123,%weibullPara,%tranProbP K Tndi rory; Enal nEellz
it peinay iEnan. ara,%stateIndicator);
L P 5; ps3=2& ps4=1& ps5=2 & cs5=4 then ’
=int_first5(n,fsigma21,k12 i i
boarers g ; .,31gma12,age112,k21,s1gma21,agel?l,kl?,sigmalQ agell?2
. s ,sig ,agel24 ,%weibullPara,’%tranProbP y i o8
it peig i iE, 2 A ara,%stateIndicator);
biine firoes(n, f ps3=2& ps4=1& ps5=2 & cs5=6 then
= _firs n,fsigma21 ,k12,sigmal2 i
36 sienat . ago1a6 %weibulfpara,;%e112,k21,51g?a21,age121,k12,sigma12,age112
it peia i iEne, p53_2é it A é,&ranProbPara,Astatelndicator);
: ! = = ps5= csb=1 then
pl=int_first5(n,fsigma21l ,k12,si i
g . ,sigmal2,agel112,k21,sigma2l1,agel21 ,kl13,sigmal3 ,agell3
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,k31,sigma31,agel31,%weibullPara,%tranProbPara,)statelndicator);

if ps1=2 & ps2=1 & ps3=2& psd4=1& ps5=3 & cs5=2 then

pl=int_first5(n,fsigma21l ,k12,sigmal2,agell12,k21,sigma2l,agel21,k13,sigmal3 ,agell3
,k32,sigma32,agel132,)weibullPara,jtranProbPara,)statelndicator);

if ps1=2 & ps2=1 & ps3=2& ps4=1& ps5=3 & cs5=4 then

pl=int_first5(n,fsigma21 ,k12,sigmal2,agell12,k21,sigma2l,agel121,k13,sigmal3,agell3
,k34 ,sigma34 ,agel34 ,)weibullPara ,/%tranProbPara,)statelndicator);

if ps1=2 & ps2=1 & ps3=2& ps4=1& psb5=3 & cs5=6 then

pl=int_first5(n,fsigma21 ,k12,sigmal2,agell12,k21,sigma2l,agel121,k13,sigmal3 ,agell3
,k36 ,sigma36 ,agel36,%weibullPara,%tranProbPara,)statelndicator);

if ps1=2 & ps2=1 & ps3=2& ps4=3& ps5=1 & cs5=2 then

pl=int_first5(n,fsigma21 ,k12,sigmal2,agell12,k23,sigma23,agel123,k31,sigma31,agel31
,k12 ,sigmal2 ,agell12 ,)weibullPara,%tranProbPara,)statelndicator);

if ps1=2 & ps2=1 & ps3=2& ps4=3& ps5=1 & cs5=3 then

pl=int_first5(n,fsigma21 ,k12,sigmal2,agell12,k23,sigma23,agel123,k31,sigma3l,agel31
,k13 ,sigmal3 ,agel13,)weibullPara,’%tranProbPara,)statelndicator);

if ps1=2 & ps2=1 & ps3=2& ps4=3& psb=1 & cs5=6 then

pl=int_first5(n,fsigma21 ,k12,sigmal2,agell12,k23,sigma23,agel123,k31,sigma3l,agel31
,k16 ,sigmal6 ,agell6 ,%weibullPara,%tranProbPara,)statelndicator);

if ps1=2 & ps2=1 & ps3=2& ps4=3& psb=2 & csb=1 then

pl=int_first5(n,fsigma21 ,k12,sigmal2,agell12,k23,sigma23,agel123,k32,sigma32,agel32
,k21,sigma21 ,agel21 ,)weibullPara,%tranProbPara,)statelndicator);

if psl1=2 & ps2=1 & ps3=2& ps4=3& ps5=2 & cs5=3 then

pl=int_first5(n,fsigma2l ,k12,sigmal2,agell12 ,k23,sigma23,agel123,k32,sigma32,agel32
,k23 ,sigma23 ,agel23,)weibullPara ,j%tranProbPara,)statelndicator);

if ps1=2 & ps2=1 & ps3=2& ps4=3& psb5=2 & cs5=4 then

pl=int_first5(n,fsigma21 ,k12,sigmal2,agell12,k23,sigma23,agel123,k32,sigma32,agel32
,k24 ,sigma24 ,agel24 ,%weibullPara,%tranProbPara,)statelndicator);

if ps1=2 & ps2=1 & ps3=2& ps4=3& psb=2 & csb5=6 then

pl=int_first5(n,fsigma2l ,k12,sigmal2,agell12,k23,sigma23,agel123,k32,sigma32,agel32
,k26 ,sigma26 ,agel26,%weibullPara,%tranProbPara,)statelndicator);

if ps1=2 & ps2=1 & ps3=3& ps4=1& psb=2 & csb5=1 then

pl=int_first5(n,fsigma21 ,k13,sigmal3,agel13,k31,sigma31,agel131,k12,sigmal2,agell?2
,k21 ,sigma21,agel21 ,)weibullPara,%tranProbPara,)statelndicator);

if ps1=2 & ps2=1 & ps3=3& ps4=1& ps5=2 & cs5=3 then

pl=int_first5(n,fsigma21 ,k13,sigmal3,agel113,k31,sigma31l,agel131,k12,sigmal2,agell2
,k23 ,sigma23 ,agel23,)weibullPara,%tranProbPara,)statelndicator);

if ps1=2 & ps2=1 & ps3=3& ps4=1& psb5=2 & csb5=4 then

p1=int_first5(n,fsigma21,k13,sigma13,age113,k31,sigma31,age131,k12,sigma12,age112
,k24 ,sigma24 ,agel24 ,%weibullPara,%tranProbPara,)statelndicator);

if ps1=2 & ps2=1 & ps3=3& psé4=1& ps5=2 & csb5=6 then

pl=int_first5(n,fsigma21,k13,sigmal3 ,agel13,k31,sigma31,agel131,k12,sigmal2,agell?2
,k26 ,sigma26 ,agel26 ,%weibullPara,jtranProbPara,)statelndicator);

if ps1=2 & ps2=1 & ps3=3& ps4=1& ps5=3 & cs5=1 then

pl=int_first5(n,fsigma21 ,k13,sigmal3,agel113,k31,sigma31,agel131,k13,sigmal3,agell3
,k31,sigma31,agel31,)weibullPara ,%tranProbPara,)statelndicator);

if ps1=2 & ps2=1 & ps3=3& ps4=1& psb5=3 & csb5=2 then

pl=int_first5(n,fsigma21 ,k13,sigmal3,agel113,k31,sigma31l,agel131,k13,sigmal3,agell3
,k32,sigma32,agel132,%weibullPara,%tranProbPara,)statelndicator);

if ps1=2 & ps2=1 & ps3=3& psé4=1& ps5=3 & cs5=4 then

pl=int_first5(n,fsigma21 ,k13,sigmal3 ,agell13,k31,sigma31,agel131,k13,sigmal3,agell3,
k34 ,sigma34 ,agel34 ,%weibullPara ,jtranProbPara,’%stateIndicator);

if ps1=2 & ps2=1 & ps3=3& ps4=1& psb5=3 & cs5=6 then

pl=int_first5(n,fsigma21 ,k13,sigmal3 ,agel113,k31,sigma31l,agel131,k13,sigmal3 ,agell3
,k36 ,sigma36 ,agel36,%weibullPara,%tranProbPara,)statelndicator);

if ps1=2 & ps2=1 & ps3=3& ps4=2& ps5=1 & cs5=2 then

pl=int_first5(n,fsigma21 ,k13,sigmal3 ,agel13,k32,sigmal32,agel132,k21,sigma2l,agel21
,k12 ,sigmal2 ,agell12 ,)weibullPara,%tranProbPara,)statelndicator);

if ps1=2 & ps2=1 & ps3=3& ps4=2& ps5=1 & cs5=3 then

pl=int_first5(n,fsigma21 ,k13,sigmal3 ,agell13,k32,sigma32,agel132,k21,sigma2l,agel21,
k13,sigmal3 ,agell3,%weibullPara,%tranProbPara,)stateIndicator);
if ps1=2 & ps2=1 & ps3=3& ps4=2& ps5=1 & cs5=6 then
pl=int_first5(n,fsigma21 ,k13,sigmal3 ,agel13,k32,sigmal32,agel132,k21,sigma2l,agel21
,k16 ,sigmal6 ,agell16 ,%weibullPara,jtranProbPara,)statelndicator);
if ps1=2 & ps2=1 & ps3=3& ps4=2& ps5=3 & cs5=1 then
pl=int_first5(n,fsigma21 ,k13,sigmal3,agel13,k32,sigma32,agel132,k23,sigma23,agel23
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,k31,sigma31,agel31,%weibullPara,%tranProbPara,)statelndicator);
766 if ps1=2 & ps2=1 & ps3=3& ps4=2& ps5=3 & cs5=2 then
767 pl=int_first5(n,fsigma21,k13,sigmal3 ,agel13,k32,sigma32,agel132,k23,sigma23,agel23
,k32,sigma32,agel132,)weibullPara,jtranProbPara,)statelndicator);
768 if ps1=2 & ps2=1 & ps3=3& ps4=2& ps5=3 & cs5=4 then
769 pl=int_first5(n,fsigma21 ,k13,sigmal3,agel13,k32,sigma32,agel132,k23,sigma23,agel23
,k34 ,sigma34 ,agel34 ,)weibullPara ,/%tranProbPara,)statelndicator);
0 if ps1=2 & ps2=1 & ps3=3& ps4=2& psb5=3 & cs5=6 then
pl=int_first5(n,fsigma21 ,k13,sigmal3 ,agel13,k32,sigma32,agel132,k23,sigma23,agel23
,k36 ,sigma36 ,agel36,%weibullPara,%tranProbPara,)statelndicator);
772 end;
773 if (indxi=6) then do;
74 if psl=1 & ps2=2 & ps3=1& ps4=2& psb=1 & ps6=2& cs6=3 then
75 pl=int_first6(n,fsigmal2 ,k21,sigma2l,agel21 ,k12,sigmal2,agell12,k21,sigma2l,agel21
,k12 ,sigmal2 ,agel12 ,k23,sigma23,agel123,)weibullPara,’%tranProbPara,’
stateIndicator) ;
776 if psl=1 & ps2=2 & ps3=1& ps4=2& psb=1 & ps6=3& cs6=2 then
7T pl=int_first6(n,fsigmal2 ,k21,sigma21l,agel21 ,k12,sigmal2,agell12,k21,sigma2l,agel21
,k13,sigmal3 ,agel113,k32,sigma32,agel32,%weibullPara,%tranProbPara,’
stateIndicator) ;
778 if ps1=2 & ps2=1 & ps3=2& ps4=1& psb5=2 & ps6=1& cs6=2 then
779 pl=int_first6(n,fsigma21 ,k12,sigmal2,agell2,k21,sigma2l,agel21,k12,sigmal2,agell2
,k21,sigma21 ,agel21 ,k12,sigmal2,agell2,)weibullPara,%tranProbPara,’
stateIndicator) ;
780 if ps1=2 & ps2=1 & ps3=2& ps4=3& ps5=1 & ps6=3& cs6=6 then
781 pl=int_first6(n,fsigma2l ,k12,sigmal2,agell12,k23,sigma23,agel23,k31,sigma31l,agel31
,k13 ,sigmal3 ,agel113 ,k36,sigma36 ,agel36 ,)weibullPara,%tranProbPara,’
stateIndicator) ;
if ps1=2 & ps2=1 & ps3=2& ps4=1& psb=2 & ps6=1& cs6=2 then
pl=int_first6(n,fsigma2l ,k12,sigmal2,agell12,k21,sigma2l,agel121,k12,sigmal2,agell2
,k21,sigma21 ,agel21 ,k12,sigmal2,agell2 ,%weibullPara,%tranProbPara,’
stateIndicator) ;
784 if psl1=2 & ps2=1 & ps3=2& psd4=1& psb5=3 & ps6=2& cs6=4 then
785 pl=int_first6(n,fsigma21 ,k12,sigmal2,agell12,k21,sigma2l,agel121,k13,sigmal3,agell3
,k32,sigma32 ,agel132,k24,sigma24 ,agel24 ,%weibullPara,%tranProbPara,’
stateIndicator) ;
786 if ps1=2 & ps2=1 & ps3=2& ps4=1& psb5=2 & ps6=3& cs6=6 then
787 pl=int_first6(n,fsigma21 ,k12,sigmal2,agell12,k21,sigma2l1,agel21,k12,sigmal2,agell2
,k23 ,sigma23 ,agel123 ,k36,sigmal36 ,agel36 ,)weibullPara,%tranProbPara,’
stateIndicator) ;
788 if ps1=2 & ps2=1 & ps3=2& psé4=1& ps5=2 & ps6=1& cs6=2 then
789 pl=int_first6(n,fsigma21 ,k12,sigmal2,agell12,k21,sigma2l,agel21,k12,sigmal2,agell?2
,k21 ,sigma21 ,agel21 ,k12,sigmal2,agell2,)weibullPara,%tranProbPara,’
stateIndicator) ;
790 if psl1=2 & ps2=1 & ps3=2& ps4=3& psb=1 & ps6=3& cs6=6 then
791 pl=int_first6(n,fsigma2l ,k12,sigmal2,agell12,k23,sigma23,agel123,k31,sigma3l,agel31
,k13,sigmal3 ,agel113,k36,sigma36,agel36 ,%weibullPara,%tranProbPara,’
stateIndicator) ;

792 end;

793 if (indxi=7) then

794 do;

795 if psl=1 & ps2=2 & ps3=1& psd4=2& psb=1 & ps6=2& ps7=3& cs7=6 then

796 pl=int_first7(n,fsigmal2 ,k21,sigma2l,agel21,k12,sigmal2,agel12,k21,sigma2l,agel21
,k12 ,sigmal2 ,agel12 ,k23,sigma23,agel123,k36,sigma36,agel36,%weibullPara,’
tranProbPara,)stateIndicator);

797 if psl=1 & ps2=2 & ps3=3& psd4=1& psb=2 & ps6=1& ps7=2& cs7=1 then

798 pl=int_first7(n,fsigmal2 ,k23,sigma23,agel123,k31,sigma31l,agel131,k12,sigmal2,agell2

,k21,sigma21 ,agel21 ,k12,sigmal2,agell12 ,k21,sigma2l,agel21,%weibullPara,’%
tranProbPara,)stateIndicator);

799 if psl=1 & ps2=2 & ps3=1& ps4=3& psb5=2 & ps6=1& ps7=3& cs7=6 then

800 pl=int_first7(n,fsigmal2 ,k21,sigma21,agel21,k13,sigmal3,agel113,k32,sigma32,agel32
,k21 ,sigma21 ,agel21 ,k13,sigmal3 ,agel113,k36,sigma36,agel36 ,%weibullPara,’
tranProbPara,%stateIndicator);

801 if ps1=2 & ps2=1 & ps3=3& psé4=1& ps5=2 & ps6=1& ps7=3& cs7=4 then

802 pl=int_first7(n,fsigma21,k13,sigmal3,agel13,k31,sigma31,agel131,k12,sigmal2,agell?2
,k21 ,sigma21 ,agel121 ,k13,sigmal3 ,agel113,k34,sigma34,agel34,%weibullPara,’
tranProbPara,)stateIndicator);

803 end;
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804 if (indxi=8) then do;

805 if psl=1 & ps2=2 & ps3=1& ps4=2& ps5=3 & ps6=1& ps7=3& ps8=1& cs8=6 then

806 pl=int_first8(n,fsigmal2,k21,sigma2l,agel21 ,k12,sigmal2,agell12,k23,sigma23,agel23
,k31,sigma31,agel131,k13,sigmal3,agel113,k31,sigma31,agel31,k16,sigmal6 ,6 agell6
,%weibullPara,)tranProbPara,stateIndicator);

807 end;

808 if p1=0 then pl=1;

809 1l=log(pl);

810 model id~ general (11);

811 run;

812 Y%mend;
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