University of Windsor

Scholarship at UWindsor

Electronic Theses and Dissertations Theses, Dissertations, and Major Papers

2013

Bayesian Spatial Additive Hazard Model

Alexander Chernoukhov
University of Windsor

Follow this and additional works at: https://scholar.uwindsor.ca/etd

Recommended Citation

Chernoukhov, Alexander, "Bayesian Spatial Additive Hazard Model" (2013). Electronic Theses and
Dissertations. 4965.
https://scholar.uwindsor.ca/etd/4965

This online database contains the full-text of PhD dissertations and Masters’ theses of University of Windsor
students from 1954 forward. These documents are made available for personal study and research purposes only,
in accordance with the Canadian Copyright Act and the Creative Commons license—CC BY-NC-ND (Attribution,
Non-Commercial, No Derivative Works). Under this license, works must always be attributed to the copyright holder
(original author), cannot be used for any commercial purposes, and may not be altered. Any other use would
require the permission of the copyright holder. Students may inquire about withdrawing their dissertation and/or
thesis from this database. For additional inquiries, please contact the repository administrator via email
(scholarship@uwindsor.ca) or by telephone at 519-253-3000ext. 3208.


https://scholar.uwindsor.ca/
https://scholar.uwindsor.ca/etd
https://scholar.uwindsor.ca/theses-dissertations-major-papers
https://scholar.uwindsor.ca/etd?utm_source=scholar.uwindsor.ca%2Fetd%2F4965&utm_medium=PDF&utm_campaign=PDFCoverPages
https://scholar.uwindsor.ca/etd/4965?utm_source=scholar.uwindsor.ca%2Fetd%2F4965&utm_medium=PDF&utm_campaign=PDFCoverPages
mailto:scholarship@uwindsor.ca

BAYESIAN SPATIAL ADDITIVE HAZARD MODEL

by

Alexander Chernoukhov

A Thesis
Submitted to the Faculty of Graduate Studies
through the Department of Mathematics and Statistics
in Partial Fulfillment of the Requirements for
the Degree of Master of Science at the
University of Windsor

Windsor, Ontario, Canada

2013

(© 2013 Alexander Chernoukhov



BAYESIAN SPATIAL ADDITIVE HAZARD MODEL

by
Alexander Chernoukhov

APPROVED BY:

A. Ngom
School of Computer Science

M. Hlynka
Department of Mathematics and Statistics

A. Hussein, Advisor
Department of Mathematics and Statistics

S. Nkurunziza, Advisor
Department of Mathematics and Statistics

September 18, 2013



iii
Author’s Declaration of Originality

I hereby certify that I am the sole author of this thesis and that no part of this
thesis has been published or submitted for publication.

I certify that, to the best of my knowledge, my thesis does not infringe upon
anyone’s copyright nor violate any proprietary rights and that any ideas, techniques,
quotations, or any other material from the work of other people included in my
thesis, published or otherwise, are fully acknowledged in accordance with the standard
referencing practices. Furthermore, to the extent that I have included copyrighted
material that surpasses the bounds of fair dealing within the meaning of the Canada
Copyright Act, I certify that I have obtained a written permission from the copyright
owner(s) to include such material(s) in my thesis and have included copies of such
copyright clearances to my appendix.

I declare that this is a true copy of my thesis, including any final revisions, as
approved by my thesis committee and the Graduate Studies office, and that this thesis

has not been submitted for a higher degree to any other University or Institution.



iv

Abstract

This thesis will be dealing with the problem of Bayesian estimation in additive
survival data models accounting for spatial dependencies.

We consider the Aalen’s additive hazards model in which baseline hazard function,
the regression coefficients as well as the covariates are all allowed to be time varying
processes. We incorporate in this model an extra random vector of frailties accounting
for spatial variations among the observations.

Consequently, we propose a Bayesian approach to solving the inference problem
for such spatial frailty model by assuming piece-wise constant structure on all time-
varying functions in the model and hence, imposing appropriately chosen priors on
all model parameters.

We then employ some versions of MCMC and Gibbs sampling approaches to carry
out the inference about the model parameters and apply the resulting algorithm to

Prostate cancer diagnosis data for the state of Louisiana, taken from the Surveillance,

Epidemiology, and End Results (SEER) databases (SEER 2008).
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CHAPTER 1

Introduction

The era of statistical modeling based on marginal analysis is almost coming to
an end in the face of increasing demand to analyze complex, multidimensional and
correlated streams of data that are available to investigators in real-time. Among
others, methods for spatio-temporal data analysis, which requires conditional spec-
ifications taking into account the various spatial and temporal dependencies among
observations, are the frontiers of the new era. In this thesis, our main objective is to
develop a Bayesian method for the analysis of spatially dependent survival outcomes.
Specifically, we consider Aalen’s additive hazards model (Aalen, |1980) with a vector
of spatial random effects through which the spatial dependencies are to be handled.

Therefore, in this chapter, we will briefly introduce the Aalen’s additive model
and we will review the existing literature on spatial survival models. We also set out

in a more specific fashion, the objectives and organization of the thesis.

1. Literature review

Survival outcomes are particular cases in a more general context of event history

outcomes. Data on event histories are usually represented as

(Di(t) = Ni(t), Yi(t), zi(t); 0 <t <7, i=1,.., N} (1.1.1)
1
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where {N;(t), t € [0,7]}, is a counting process for the number of events occurring to
the i-th individual in a sample of NV individuals, up to time ¢ (inclusive), Y;(¢) = 1 if
the i-th individual is at risk of having the events of interest and zero otherwise (risk
indicator function), while z;(¢) is time varying, p-dimensional covariate process and
[0, 7] is the time frame during which subjects are observed.

In event history analysis (Andersen et al., [1993), the intensity of the counting

process, {N;(t), t € [0,7]}, is a process defined as

1(t) = hi(D)Yi(t) = EAN,(D|F(t)] (1.1.2)

where h;(t) is the hazard rate, dNV;(t) = N;(t) — N;(t7) and F(¢™) is the history of
the process {D(t), t € [0,7]}. In other words, F(t7) is a filtration of c—algebras
generated by the data {D(t), t € [0, 7]}, where both z;(t) and Y;(¢) are assumed to
be F(t)-measurable Vt € [0, 7].

Most of the currently available event history models are essentially models for the
intensity I;(t). For instance, the celebrated Cox’s proportional hazards (PH) model

can be expressed as:
L(t) = A(O)Yi(H)e?™, (1.1.3)

where in this case, the covariate vector z; is independent of time and A(¢) is a baseline
hazard function. The Cox’s PH model has been intensively studied in the literature.
We refer the reader to the monograph by Andersen et al.| (1993)) for detailed treatment

of the PH model.
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Similarly, the Aalen’s additive hazards (AH) model can be specified as:
Li(t) = Yi(H) (A1) + & (D)zi(1), (1.1.4)

where a(t) is a p-dimensional vector of time-dependent covariate functions. This was
originally proposed in |Aalen (1980) as an alternative to the PH model whenever the
proportionality assumption is violated. There has been also an extensive literature
on the AH model. A detailed account of this model can be found in [Martinussen and
Scheike| (2006), while Hussein et al.| (2013)) discussed some efficient estimators for the
regression coefficients in the AH model.

The spatial modeling of event history data, on the other hand, has just begun to
attract attention of the statisticians. For instance, Banerjee et al.| (2003) developed
a Bayesian method for analysing infant mortality data via Cox’s PH model with
spatial frailties, while Banerjee and Dey| (2005) proposed the same approach for a
proportional odds model. Zhang and Lawson| (2011)) considered an accelerated failure
time (AFT) model and proposed a Bayesian version with Gaussian frailties to handle
spatial dependencies. Darmofal| (2009) applied a Bayesian spatial Cox’s PH model to
timing of U.S. House members position announcements on the North American Free
Trade Agreement (NAFTA). Among the non Bayesian models for handling spatial

frailties, we mention the recent work of |Lin| (2012]).

2. Thesis objectives and organization

As mentioned earlier, this thesis will be dealing with the problem of Bayesian

estimation in additive survival data models accounting for spatial dependencies. In
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general, additive survival models are flexible alternatives to the, better interpretable
but more restrictive, proportional hazards models.

In this thesis we consider a very general and flexible model known as the Aalen’s
additive hazards model in which baseline hazard function, the regression coefficients
as well as the covariates are all allowed to be time varying processes. We incorporate
in this model an extra random vector w(t) (frailties) accounting for spatial variations
among the observations. We assume that such frailties are Gausian with covariance
structures of either geostatistical or conditional autoregressive (CAR) type, two well-
known spatial dependence structures (see for instance Cressie and Wikle, |2011)).

We propose a Bayesian approach to solving the inference problem for such additive
spatial frailty models by assuming piece-wise constant structure on all time-varying
functions in the models and then, imposing appropriately chosen priors on all model
parameters.

We employ some variants of MCMC and Gibbs sampling approaches to carry out
the inference about the model parameters. We apply the resulting method to Prostate
cancer diagnosis data for the state of Louisiana, extracted from the Surveillance,
Epidemiology, and End Results (SEER) databases (SEER] 2008).

As far as the author knows, this model and the Bayesian approach taken in this
thesis have not been studied in the existing literature on event history analysis.

The thesis will be organized as follows.

In Chapter [2] we will set up the Additive Hazards spatial model (AHS) and obtain

the joint likelihood of the data and model parameters for the case when the spatial
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frailties have the (CAR) structure. We propose prior distributions for the model
parameters, obtain the posteriors, and prescribe an MCMC sampling algorithms to
tackle the Bayesian inferences for the model.

In Chapter 3, we will examine the case of geostatistical dependence structure for
the spatial components. This case posed a huge computational roadblock, which we
could not overcome. Therefore, for this case, will only explain possible priors on the
parameters and prescribe a future research avenues that are possible in computing
the model parameters.

In Chapter [ we carry out a small simulation study to verify the performance of
the approach and apply it to the SEER data on prostate cancer.

Chapter [5| contains the conclusions of our work.

Finally, the appendix will contain a brief review of the MCMC Gibbs sampling
and Metropolis-Hastings methodologies as well as some of the technical proofs of

Chapter [2| and the results of simulations.



CHAPTER 2

Additive Hazard Model with Conditional Autoregressive
Spatial Structure

1. Additive hazard frailty model

In the current work, we consider an additive hazard model for spatially corre-
lated survival data. We suppose that we have right censored left truncated sur-
vival data D = {(N;(t), Yi(t),z(t)), i=1...N,0 <t < 7} from N individuals where
{N;(t), t € [0, 7]} is the counting process of the events happened to the i-th individ-
ual, and {Y;(t), t € [0, 7]} is at-risk process for the i-th individual:

1, if the ¢-th individual is at risk at time ¢,

Yi(t) = _ (2.1.1)
0, otherwise (dead, censored, truncated, etc).

The process {z;(t) = (za(t),...,zip()", z:(t) € Q, i =1,...,N, t € [0,7]} rep-
resenting p time dependent covariates, where XT denotes the transpose of X, and
2 C RP is the set of all admissible covariate vectors. Each individual belongs to a
certain region [; € {1,...,n} with the total number of regions n < N. The model
considered is the extension of the usual Aalen’s additive hazard model by including
additive, region specific and time dependent, frailty terms w;(t), [ =1...n.

More specifically, in our model, the hazard h;(t) of the i-th individual can be

expressed as:

hi(t) = A(t) + iak(t)zik(t) twlt), 0<t<T, (2.1.2)

6
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where 7 is the end of study, A(¢) is the “baseline hazard”, ax(t), k =1,...,p are time
dependent regression coefficients (regression functions), and wy,(¢) is a random group
specific frailty term for the group [; to which the i-th individual belongs.

Note that for this model to be correctly specified we should ensure that h;(t), i =
1,..., N are non-negative functions for all ¢ € [0,7]. Also it is worth mentioning
that the “baseline hazard” A(t) need not be non-negative since it doesn’t necessarily
represent the hazard of any individual in the population (see Klein and Moeschberger,
2003). Formally, it represents the hazard of a hypothetical “individual” with all
covariates zo(t) set to 0 and null frailty. But for some ways of coding the covariates
and frailty, zero values can not make any sense, and therefore the “baseline hazard”
can not be interpreted as the hazard of any individual. For example, if the covariate
represents the age of the individual plus some value (say, 10 years), then setting this
covariate to 0 means that the age of such individual is negative (-10 years). So in
this case the “baseline hazard” is not actually the hazard, but only some reference
function.

In order for A(t) to be interpretable, one can shift all the covariate values by some
number (e.g. by the mean value of the covariate) so that the individual with zero
covariates could be really an individual from the population. In this case, A\(¢) should
be always non-negative.

Hereinafter, we suppose that the covariates are coded in such a way that A(t) can

be interpreted as the hazard of some individual.
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The intensities {;(¢), t € [0,7]} of the counting processes {N;(t), t € [0,7]} of

the individuals can be written as follows (see Silva and Amaral-Turkman) 2004):

L(t) = Yi(O)hi(t) = Yi(t) ()\(t) " an(®)zalt) +w, (t)) . (2.1.3)

Assuming that all observations are independent, the likelihood of the data D

given baseline hazard A(t), regression function vector a(t) = (a1 (%), ..., a,(t))T and
frailties vector w(t) = (wi(t),...,w,(t))T, is proportional to:
N T
L (D ), a<t>,w<t>) <] [( 11 de) exp (— / Mu)du)] (214
i=1 L \o<t<r 0
where
dt—0+

is the number of events of the i-th individual at time ¢, and the product []o_,..(...)
is the product-integral, assuming 0° = 1.

We consider the model where each individual can have only 0 or 1 events. So
dN;(t) = 0 or dN;(t) = 1 for all individuals and all ¢. Since I;(¢) is non-zero only
when the ¢-th individual is at risk, can be rewritten as:

N
L (D |)\(t),a(t),w(t)> o [T 11 [ exv (—/ hi(t)dt) . (216)
€€ i=1 {t:Yi(t)=1}
where & is the set of all individuals having events during the study period, and 7; is

the event time of the ¢-th individual in £. That is,

£ = {i:Ni(r) =1}, (2.1.7)

T, = inf{t: N;(t)=1}, i€€&. (2.1.8)
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2. Model specification

2.1. Ensuring non-negativity of the hazard. In Bayesian implementation
we put prior distributions on the parameters of the model, i.e. on A(t), ax(t), k =
1,...,pand wi(t), L =1,...,n. Assuming that there is no prior knowledge about the
parameters, we make all the prior distributions vague.

Note that the hazard rate h(t) should be always non-negative.

One approach to ensure non-negativity of i(t) (Silva and Amaral-Turkman, 2004)
is to choose prior distributions such that all the parameters of the model are non-
negative. This means that baseline, all the covariates, regression functions and frailty
terms are not allowed to be negative. This approach assumes that all covariates have
positive effect on the hazard, or that the covariates are transformed in a special way.
Such assumption is inappropriate if a certain covariate has a negative effect on the
survival function.

Another approach given in [Cai and Zeng| (2011)), estimates all the parameters
without accounting for the negativity issue, and then modifies the estimator of the
survival function in such way that it becomes always non-increasing. |Cai and Zeng
(2011) mentioned that if non-modified estimator of the survival function is consistent,
the modified estimator will also be consistent. While this approach ensures that the
survival function estimator is non-increasing function, the actual estimators of the
coefficients are not interpretable because the hazard becomes negative.

In this work, we use a more flexible approach. Firstly, we will introduce the prior

distributions separately, ignoring the issue of hazard negativity, and only after that
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we will constrain the joint distribution of A\(¢), a(t) and w(t) to the region where the

cumulative hazard is non-negative for all admissible covariate vectors from €2, i.e.
h(t) = At) + a(t)Tz(t) + w(t) >0,
(2.2.1)
Vz(t) e Q, Vi:0<t<T, Vi=1,...,n.

This means that the marginal distributions of the parameters are not exactly the
distributions we are introducing but the components of the joint distribution. Since
we need only joint distribution and all full conditional distributions of the parameters,
we will not consider the marginal distributions at all.

Now, provided that in the set of admissible covariate vectors €2 can be
expressed as a Cartesian product of p sets €2 =y x --- x €, with all €; C R being

the bounded subsets of the real numbers, the conditions above can be rewritten as:
p
i i > . 2.
A(t) + ; Jnf {ax(t)2} + min {wi(t)} >0, Vit € (0,7] (2.2.2)
Note that depending on the sign of a(t) the infimum inside the summation in

the expression above is either ay(t)inf Q) or ax(t)sup 2. Then we can rewrite the

constraint in the following form:

A(t) + imin {ak(t) inf Q, ay(t) sup Qk} + 1I£1l1§nn {wi(t)} >0, Vte(0,7]. (2.2.3)

k=1

This constraint will be included in the joint distribution of the parameters which

will be introduced later.

2.2. Partitioning of time. In our model, we estimate all the parameters as
piecewise constant functions, i.e. functions constant in the intervals (to, 1], (¢1, 2],
ooy (tm—1,tm] where tg, ..., ¢, is a finite set of time points such that 0 =ty < t; <

--+ <ty = 7. The length of the j-th interval is At; =t; —t;_; for 1 < j < m.
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In this case, each parameter function can be considered as a finite number of
scalar parameters. The choice of the points ¢; as well as number of these points m is
arbitrary. However, one should take into account that the wider the intervals are, the
worse is the approximation of the parameter functions, but at the same time if the
intervals are very narrow, the data does not provide enough information to accurately
estimate the parameters in these intervals. So the width of the intervals and their
number should be chosen as a trade-off between the above mentioned problems.

For the case of equidistant time points ¢;, the choice of these points reduces to the
choice of their number m. This can be done by using the Bayesian model comparison
criteria such as DIC or LC'PO which will be discussed later.

After time partitioning, we define:
A= AY), oy = aly), ik = za(ty),  wy = wilty), (2.2.4)

which can be compacted as follows:

A= ()it (2.2.5)
o = (akj)kzl,...,p, j=1,...,m» (2-2-6)
z = (Zikj)izl,...,N, k=1,....p, j=1,...,m» (2-2-7)
w = (le)lzl,...,m j=1,...,m- (2-2-8)

These parameters fully represent the original time-dependent parameter functions

under the assumption of piecewise constancy.

2.3. Conditional autoregressive structure for the frailties. The distribu-

tion of the frailty parameters should incorporate the spatial structure of the data.
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The one way of doing this is by using the distances between the regions to determine
the correlation between frailties of the regions, resulting in the so called geostatis-
tical model. Another approach, conditional autoregression (CAR), uses adjacency
structure of the regions instead of the distances.

As was already mentioned, in this chapter we discuss only the CAR model. As
regards the geostatistical model, we present the prior, posterior and proposal distri-
butions for it in Chapter |3] without further numerical analysis.

The conditional autoregressive (CAR) structure for frailties allows to take into
account the spatial correlation of data based on the adjacency structure of the regions.

To introduce the CAR structure, we assume that w; is independent of all w ;.
This allows us to introduce the spatial correlation in each time interval independently.

Following Banerjee et al.| (2003)) and Zhang and Lawson| (2011)), we consider a con-
ditional autoregressive model (CAR), and particularly the model with the following

prior joint distribution of frailties:

1 1
71-("“J]|0]2) X (92)n/2 exXp _292 E ((Ul] - wl’j)z 5 (229)
J I~
<l

where [ ~ [’ denotes the adjacency relation between [ and [, and condition [ < [’
ensures that each pair of adjacent regions is included in the summation only once.
This prior was used in Besag et al. (1991) under the name of Gaussian intrinsic
autoregression mainly in application to image restoration. It is a particular case of
pairwise-difference priors (see Besag et all [1995). They note that such priors are

improper since the corresponding variables are of an arbitrary level, and only their
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differences are taken into account. But this impropriety is removed from the posterior
distribution by the presence of any informative data.
Although the prior itself is improper, the conditional distribution of any frailty

given all others is well defined, and is then proportional to:

1 1
™ (wlj |Wl'j7£lj,‘9]2-) 0 5 exp <—@ml (wij — wlj)2> , (2.2.10)
j j

where m; = card{l' | I’ ~ [} is the number of regions adjacent to the [-th and @;; =
m%Zzwl wyj is the average of the frailties adjacent to the [-th, which means that

conditionally, the frailties are normally distributed with mean @;; and variance 9J2- Jmy:

l

62
(wij [wijzij, 03) ~ N <wlj7ﬁj) : (2.2.11)

Further details on the conditional and intrinsic autoregression can be found in
Besag and Kooperberg (1995)).

Although, in combination with the data likelihood and baseline hazard prior, the
joint posterior becomes proper, since the frailties are defined only up to an additive
hazard, the data cannot distinguish which part of the hazard ascribe to the baseline
and which to the frailties. So this distinguishing relies only on the prior distributions
of the baseline and frailties.

However, if the priors are vague as in our case, the estimation of the frailties and
baseline can have a very large variance since nothing really prevents the frailties from
being greater than the actual ones by some value while keeping baseline less by the

same value.
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In order to decrease possible variance in estimation, one can make the prior distri-
bution of the frailties proper by including the terms containing the values of frailties
themselves in addition to their differences. For instance, one can include the squares
of the frailties multiplied by some coefficients, in which case the joint prior distribution

of the frailties takes the following form:

1 1 s £
F(wj|9]27€) o —(92)"/2 exp ——29? g (wij —wpy)” — 2—9]2 E wfj ) (2.2.12)
J I~ =1
<V

Such prior will shrink the frailties towards 0 because of the presence of the pure
square terms. If we suspect that values of the frailties are concentrated not around 0
but around some value p, then we should include (w;; — 1) instead of wj;. This will
shrink the frailties towards pu. The parameter € represents the amount of shrinkage:
the greater it is, the more the frailties are shrunk towards pu.

Now, the conditional distributions of the frailties in the case of p© = 0 will take

the following form:

1 m;+ € m; 2
7 (wiy \wl/j;szj,@?,a) x H—jexp (—2—93 <wzj T +6le> > : (2.2.13)
which means that frailties are conditionally normally distributed:
2
m; 0%
| Wiy, 07, €) ~ L —— ). 2.2.14
(wl] |Wl]7él], 375) N(ml—l-&w”’ml—f—&“) ( )

We can see that the less the parameter ¢ is, the closer this distribution is to the
conditional autoregressive model and they become the same if € = 0.

Another way to deal with impropriety of frailties’ prior is to exclude baseline
hazard from the model and include its effect in the frailty terms. In this case, we can

use (2.2.9) directly without additional parameters, since the frailties are estimable
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from the data. This approach is more suitable when one does not know the level
of frailties and wants to rely in estimation on the data rather than on the prior
distributions.

Although, in this case the baseline and frailties are combined into frailty terms
only, hence not distinguishable, this does not affect the estimation of regression func-
tions. Moreover, if the frailties are considered not as random effects but as fixed
effects depending on the regions to which the observations belong, exclusion of the
baseline does not affect the prediction problem: the hazard of any individual with
known covariates and region can be estimated based on the resulting values of the
regression functions and frailties.

On hte other hand, if the frailties are considered random effects, this approach
does not work since the estimators of the hazard in this case should not depend on
the frailties values. So one should use the modified prior distribution like in ,
or make some additional assumptions about the frailty terms.

In this work, we choose another approach. We assume that the first frailty term
is equal to 0, and therefore the first region is the reference level. This means that
the baseline is interpreted as the hazard of an individual from the first region with
all covariates equal to 0. This assumption eliminates the problem of identifiability of
baseline and frailties since observations from the first region have the known value of

frailty (zero) and hence allow estimation of the baseline.
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The joint prior distribution in this case can be expressed as follows:

1 1 9
77(‘*’]’|9;2'> X —(02)(n_1)/2 exp _2_83 E (wij —wrrj)” | 6(wiy), (2.2.15)
J I~
<l

where d(x) is the delta-function representing the point-mass at 0 for the first frailty,
and the power of the parameter 67 is changed to (n — 1)/2 since one frailty is fixed
and only n — 1 of them are included in the CAR distribution.
In order to simplify the notation, we denote the set of all 0;, j =1,...,m by 0.
2.3.1. Prior distribution of the CAR model’s hyper-parameters. 1f the CAR spatial
model is used, then we set the prior for the set of hyper-parameters 9]2.. In order to
make the prior conjugate, we take the inverse-gamma prior ZG (f3, y) for each 6; with

. . . . . 2 .
common 3 and 7. The mean in this case is -2~ and variance is —-2——. Making

v-1 (v=1)2(v=2)
~v = 2 we can make this prior vague which is provided by the infinite variance.

Also, we assume that all (9]2- are independent, and so their joint distribution is the

product of marginal distributions.

2.4. Prior distribution for the baseline hazard. We assume that the prior
distributions of the values of baseline hazard in different intervals A;,...,\; are
independent Gamma distributions with shape and scale parameters rocoAt; and

1/(coAt;), respectively:
1 ,
)‘j ~ G TocoAtj, — |, 1<53<m, 1r9>0, c¢o>0, (2216)
C()Atj

where G (a,b) denotes the Gamma distribution with shape parameter a and scale

parameter b.
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The value rg represents the “best gues” for the baseline hazard at each interval,
and the value ¢y represents the “confidence” in this “guess”. Such interpretation
of rqg and ¢y follows from the fact that mean of the above Gamma distribution is
ro (“best guess”) and the variance is ro/(coAt;) which decreases when ¢ increases
(“confidence” in the “best guess”). If the baseline hazard is not known, one should
set ¢y very small to make the prior vague.

Such choice of the prior distribution for the baseline hazard is the discretized ver-
sion of the Gamma-process prior for the cumulative baseline hazard A(t) = fot A(u)du
as in Silva and Amaral-Turkman| (2004).

The Gamma process with parameter function A*(¢) representing the “best guess”
for A(t) and scalar parameter ¢y representing the “confidence” in this “guess” is
defined as follows. For any partitioning of the time axis 0 = t5 < t; < -+ <
tm < oo the increments AA(t;) = A(t;) — A(tj—1), j = 1,...,m of the cumulative
baseline hazard are mutually independent random variables each following Gamma
distribution with shape parameter ¢ AA*(¢;) and scale parameter 1/cy. So, the mean
of AA(t;) is AA*(t;) and the variance is %{)(tj)

Now if the parameter function for the Gamma process takes the form A*(t) = rt,
where ro represents the "best guess” for the \(¢) (constant over time), and if we fix
the partitioning of time and assume that the baseline hazard is piecewise constant,
we obtain the prior distribution given in . Also since the increments are
independent, the corresponding values of A(t;) = AA/At; are also independent. So we

obtain the independent Gamma distributions given at the beginning of this subsection.
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Since the baseline hazard distributions at different intervals are independent, the
joint distribution of them can be found as product of the marginal distributions, and

so it is proportional to:
T(A) o Hx\?oaomjfl exp (—AjeAt;), N >0, Vji=1...,m. (2.2.17)
j=1

As was already mentioned before, this is not exactly the joint prior distribution of
the parameters Ay, ..., A, but rather one component of the constrained joint prior

distribution of all the parameters in the model which will be introduced later.

2.5. Prior distribution of regression functions. Following Banerjee et al.
(2003) we put flat (improper uniform) priors on the regression functions. This is a
common practice and we adhere to it. So the joint prior distribution of the regression

functions is proportional to 1:
m(a) oc 1. (2.2.18)

Alternatively, one can consider Gaussian priors. These can be, for example, con-
structed as a discretized versions of Wiener processes for the cumulative regression

functions Ag(t) = | " g (u)du similarly to constructing the prior distribution for the

0
baseline hazard. Then, the marginal distributions of ay; in this case are normal with

mean 0 and variance o} /At;.

2.6. Joint prior distribution. The joint constrained prior of the parameters
can be obtained by multiplication of all components introduced earlier and an indi-

cator function representing the constraints.
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Note that constraining the prior changes the marginal distributions of A; and
wy; discussed above and introduces the dependency among baseline \;, frailties wy;
and regression functions oy;. So, rigorously speaking, we should have introduced the
joint prior of all parameters of the model directly without discussing the marginal
prior distributions of the parameters. However we decided to talk about the marginal
components first in order to explain the choice of the joint prior.

For the CAR model, the joint prior distribution is:

(A a,w,0) x H (Ajommjl exp (—co)\jAtj))

TV
Gamma, prior for A;

i 1 1
<L Gy o | g 2 (v —en)® | )

2
J=1 (93 J o~
i<V
Conditional autoregressive prior for w; = (wij, ... 7u.)nj)T
m p
X H LA+ E min {akj inf Qp, ag; suka} + 1I£1ll<n wy; >0
n
j=1 k=1 ==

J/

Vv
Constraint component

x ﬁl <(9]2-)_7_lexp (—0%)) (2.2.19)

Vv
Inverse-gamma prior for 9]2-

where T{E} denotes the indicator function of the event E. Also, here we used the
conditional autoregressive prior for the frailties with additional assumption that the

first frailty term is equal to 0.
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3. Posterior distribution

In Bayesian analysis, all the information about the parameters of the model is
contained in their posterior distribution. So, in order to make inference within the
Bayesian framework, the main goal is to find this posterior distribution and compute
the necessary quantities using it.

In our proposed model, it is very hard to find the posterior distribution in explicit
form. However, we can approximate this distribution by using Markov Chain Monte
Carlo (MCMC) method.

Firstly, we need to derive the joint distribution of the data and the parameters
which can be easily obtained by simply multiplying the data likelihood and the joint
prior distribution of the parameters.

With the assumption of piecewise constant parameters, the likelihood in the for-

mula (2.1.6)) becomes:

m N
7=1 1€E; i=1

where &; denotes the set of all individuals having events in the interval (¢;_4,t;], and

R;; is the proportions of time the i-th individuals is at risk in the interval (¢;_;,¢;]:

E = {i:Ni(t;) — Ni(tj—1) = 1}, (2.3.2)
1 t
i o= - Y;(t)dt. 2.3,
R;; A ), i(1) (2.3.3)

Now, for the CAR model, we can get the joint distribution of the data and param-

eters (up to normalizing constant) multiplying the expressions given by the formulas
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(2.2.19) and (2.3.1)):
TN a,w,0,D)x L(D |\ a,w)7 (A, a,w,0), (2.34)

where the collection of all the covariate vectors of individuals z is considered known.
Note that given the data, the posterior distribution of the parameters is propor-

tional to the joint distribution of the data and parameters:

T\, a,w,0,D)
m(D)

(A o,w,0 |D) = x T(A a,w, 0,D). (2.3.5)

Then, the posterior distribution can be obtained by multiplying the joint prior

distribution and the likelihood given by equations ([2.2.19)) and (2.3.1)), respectively:
(A o,w,0 |D)x L(D |\ a,w)m (A a,w,b). (2.3.6)

The distribution given by is very hard to work with: it is not easy to
find the normalizing constant, mean, quantiles and any other quantities of interest.
However, we can approximate these quantities by their sample values obtaining a
sufficiently large sample from the posterior distribution. So the problem is how to

generate this sample. This issue will be discussed in the following section.

4. Obtaining random sample from the posterior distribution

We will use the Markov Chain Monte Carlo (MCMC) algorithm called Metropolis-
within-Gibbs to sample from the joint posterior distribution given by the equa-
tion (2.3.6). The details regarding this algorithm adopted to our purposes are pre-

sented in Appendix [A]
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The basic idea of all MCMC algorithms is to construct a Markov chain with the
limiting distribution equal to the desired posterior distribution. Metropolis-within-
Gibbs, particularly, updates the parameters one-by-one using the full conditional
distributions. If the full conditional distributions are not standard, the sampling is
performed from the so-called proposal distributions instead of real conditionals and
the algorithm adjusts for the differences in these distributions by itself in order to
obtain the correct limiting distribution.

The parameters of interest for sampling are the baseline hazard A;, regression
functions oy; and hyper-parameters 6; for CAR model. The frailties w;; can be
considered either as the parameters of interest along with the previous ones or as
nuisance parameters. The nuisance parameters are usually integrated out from the
joint distribution. However, in our case, such integration is very difficult to carry out,
so we sample frailties along with all other parameters.

The full set of parameters to be sampled consists of m parameters for the baseline
hazard {);}7_,, m parameters for each of p regression functions {{akj}izl};n:l, m
parameters for each of n frailty terms {{wlj}l”:l }7:1, and m hyper-parameters {6, };”:1
for CAR model, which form m(1 + p 4+ n + 1) parameters in total.

For MCMC algorithm to work better, on each step we need to find the proposal
density close to the conditional density or at least similar in shape (see details in
Appendix . At the same time, this proposal should be simple enough to allow
direct sampling from it. In the following subsections we will investigate the conditional

densities and offer the proposals satisfying the mentioned requirements.
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4.1. Sampling from the baseline hazard’s full conditional distribution.
The baseline hazard is represented by m components Aq, ..., \,.

Let E; be the number of events in the interval (t;_1,t,], and R; = S~ Ry
be the summation of proportions of time all individuals are at risk in this interval.
Furthermore, suppose that individuals having events in this interval have the indices
i =1j,...,1g; in the original dataset.

Denote also T'(p) = [ texp(—£)d¢ (gamma-function), p = coroAt;, e =

1 _xP o : )
@TRyAL G = > k1 OkjZigky +wi, and the constraint a computed as:
p
a=— E min ¢ oy, inf O, oy sup Qf p — min wy;. (2.4.1)
= 1<i<n

Then the conditional distribution of \;, fixing all other parameters and data, has

the form given by the following proposition.

PROPOSITION 4.1. The distribution of A\; conditional on all other parameters is a
constrained Polynomial-Gamma distribution whose probability density function apart

from mormalizing constant has the following form:

E.
J 1
I () o 81_[1 (x + ¢s) T () " exp <—§> I{x >a}, >0. (2.4.2)
PRrROOF. The proof of this proposition is given in Appendix U

4.1.1. Finding the proposal distribution using the mean of the full conditional.
One way of finding suitable proposal distribution is based on locating the mean of
the full conditional stated in Proposition [£.1] This requires finding the normalizing
constant of this distribution. Fortunately, the normalizing constant and the mean

can be found explicitly, as stated in the proposition below.
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Let d¢, f =0,..., E; be the coefficients of the polynomial Zfio dyx! obtained by

the expansion of the product [[22,(z + ¢,), and let

max]|a,0]
Lo+ 1) _7( : "0+f>
=< | N7 , (2.4.3)

where v (z, p) = [ £&"~t exp(—£)d¢ is the lower incomplete gamma function.

PROPOSITION 4.2. The normalizing constant Cyopm and the mean p of the distri-

bution stated in Proposition can be expressed as follows:

Ej
Coorm = Y _dfIy, (2.4.4)

f=0

L
 2plodiTin
no= =E (2.4.5)
220 dsTy

PROOF. We leave the proof of this proposition to Appendix [B] 0

From this point we can introduce the proposal which is close to the distribution
discussed above. As a proposal we are going to use the gamma distribution whose
origin is moved to max[a,0]. We leave the scale parameter of this new distribution
equal to € and we adjust the shape parameter in such a way that the mean of the
proposal distribution is equal to the mean u of the actual distribution fy,(x) de-
rived above. Given the shape parameter v, the mean of the proposal distribution is
(max[a, 0] + ve). Then v = %X[“’O] will provide the desired mean .

In the case, when the real distribution f, () is exactly Gamma, the proposal
distribution is equal to it, otherwise they are hopefully close enough to each others.

The Figures illustrate how the proposal distribution is close to the distribu-

tion given by (B.1.2). The parameter p is fixed at 0.05 by setting At; =1, ¢o = 0.01
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and ryp = 5. The power E; of the polynomial is chosen randomly from the Poisson
distribution, the constraint a is drawn from the normal distribution, and the coeffi-
cients ¢, are generated from gamma and then shifted by —a which ensures that all

c¢s > —a. The scale parameter ¢ is calculated as ¢ = with R; generated

1
(Co+R]' )Atj

from Poisson distribution.

Ficure 1. Comparing real and proposal distribution for sampling from
the full conditional of the baseline

Proposal for baseline hazard conditional Proposal for baseline hazard conditional
© - w —— Desired density T — Desired density
! Proposal density Proposal density
0 ---- Mean T ---- Mean

1 1

1

)

Density
0 100 200 300 400 500 600

08 09 10 11 12 13 14 0.00 0.02 0.04 0.06 0.08
X X
p=0.05,£=0.14,a=0.8,c=(7.4,0,2.1) p=0.05,£=0.17,a=-1.8,c =(0.4,0.5,1)
(a) (b)

We see that proposal distribution follows the form of a desired distribution well.
The main feature to notice is that localization regions of both distributions are the
same, which is needed for good convergence of the MCMC algorithm. This shows us
that the proposals are satisfactory.

However, this method of finding the proposal distribution has one hidden draw-
back. The expansion of the polynomial P(x) = [[.2;(x + ¢;) in (B.1.2) to the form
of Z?io dsx! requires the evaluation of 2Fi terms, so the computational complexity

of this operation grows extremely fast with the number of events F;.
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Ficure 1. Continuation: Comparing real and proposal distribution
for sampling from the full conditional of the baseline
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So, for the case of large E; instead of direct expansion we recommend using the

following method. The coefficient dy can be easily obtained by simple multiplication:

E;
do =[] e (2.4.6)

s=1

and the coefficient dg; is equal to 1. Regarding the rest E; — 1 coefficients, we can
evaluate the polynomial P(z) at £; — 1 different points x1,...,7g,_1 and find these

coefficients by solving the linear system of equations:

(B
Z dsz; = P(x1) — 7 — dy,
s=1
(2.4.7)
E;j—1
s E]'
Z deEj_l = P(rg,-1) — Tg_q — dy.
\ s=1

Note that value x = 0 should not be used for any of the points x4 to avoid the
presence of noninformative equation 0 = 0.

This method of polynomial expansion is much faster than the direct expansion
but suffers from numerical instability because of the presence of high powers of x,.
So for large E; the precision provided by the default floating point variable type in
most of the mathematical packages and programming languages is not enough to
obtain satisfactorily precise values of d,. So one should use some non-standard types
providing higher precision. For the programming language C one can use the type
mpf_t which can be found in the GMP library or the type mpfr_t which can be found
in MPFR library.

4.1.2. Finding the proposal distribution using the mode of the full conditional. An

alternative to expansion of the polynomial is finding the local maximum Z of the pdf
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[, () in the region x > max{a,0} and then derive the proposal distribution based
on such local maximum.
The proposition below allows us to find whether such local maximum exists and

when it does to find its region of localization.

Let ¢in, = min ¢, be the minimum of the coefficients ¢, of f,\].(x) defined in
1<s<E;
Proposition , and Cpgr = max ¢ be the maximum of them.
1<s<E;

Also define the following two values (if the expressions under the square roots are

non-negative):

1
Trp= 5 (8(p+E] - 1) —Crmaz+ \/(S(p—f—E] - 1) _Cmaa:)2+45(p_ 1)Cma33) ) (248)

ZL‘U:% (€(p+Ej—1)_Cmm+\/(5(p+Ej_1)_cmin)2+4€(p_1)cmin> . (249)

PROPOSITION 4.3. The following statements for the greatest extremum I of the
pdf fx,(z) in the region x > max{a,0} are true:

(1) If vy is undefined or xy < max{a,0} then fy,(x) does not have extrema for
x > max{a,0} and is strictly decreasing in this region.

(2) If there exist extrema of fx;(x) in x > max{a,0} then there are only finite
number of them and the greatest extremum, T, is a local mazimum. In addi-
tion, in this case, xy is guaranteed to be defined and T satisfies the inequality
max{a,0} <z < zy.

(3) If xp, is defined and x; > max{a,0}, then both & and xy are defined and

satisfy the inequality max{a,0} < zp <z < xy.

PROOF. The proof is presented in Appendix O
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Now, for the first case stated in Proposition .3} i.e. when zy is undefined or
ry < max{a,0}, we set & = max{a,0} as the maximum. Note that the value of
fx;(x) can be infinite at this point.

If zy is defined and x; > max{a, 0}, we are sure that if & exists it satisfies & < zy.
So we can constrain the search for & to the region max{a,0} <z < zy.

Also, if the third condition is satisfied, i.e. x is defined and x; > max{a, 0}, the
region for the search can be constrained to the region z;, < z < xy.

We use the modified Newton-Raphson optimization algorithm which searches for
extremum in an open interval. The details about this algorithm are presented in
Appendix [C|

This algorithm attempts to find the extremum in the specified open interval (L, U)
and guarantees that the returned value belongs to this interval even if the desired
extremum is not found. The ability of the algorithm to return some well-defined value
of x for any input is essential for our application. If we find any finite point z in the
region > max{a, 0} and construct the proposal distribution with the support in this
region and mode at &, the MCMC algorithm will work with this proposal. However,
in order for the proposal distribution to be close to the desired full conditional, we
try to use not the arbitrary point but the maximum and only if we fail to do so we
rely on the fact that this point can be chosen arbitrarily.

We can run this algorithm with the limits L and U found as follows:

I {maX{xL,a,0}> if 21, exists, (2.4.10)

max{a, 0}, otherwise,

U = . (2.4.11)
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Note that, if the maximum is reached at either L or U, the algorithm will not
return exactly this value but a value very close to it.

It is worth mentioning that even if the extremum does not exist, the algorithm
will still give some value between L and U. This means that if we do not succeed in
finding the largest extremum of fy,(x) we still obtain some value of & which can be
used for construction of the proposal distribution.

After we find the &, we can use the Gamma proposal shifted by the value max{a, 0}
as before, and we set the scale parameter of it equal to the scale parameter of the
original distribution ¢ = 1/((R; + ¢9)At;). The shape parameter v of the proposal
distribution is chosen such that the mode of this distribution is equal to . That is,

we set:

- 0
y - domada,0f (2.4.12)
£

Note that proposal distribution found by any of the two discussed methods is
not an approximation of the desired conditional distribution in any way but it only
follows the shape of this distribution. However, the shape similarity is enough for
our purposes, since wrapping the sampling from it into a Metropolis-Hastings step

adjusts for any differences in these distributions.

4.2. Sampling from the regression functions conditional distribution.
The distribution of the component of one regression function «y; conditional on all

other parameters is given by the proposition below.
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Let g be the number of individuals who had an event in the interval (¢;_1,¢;] and
whose k-th covariates were not zero at the moment of event. Also suppose that these
individuals have indices 7 = 7y, ..., 4, in the original dataset.

In addition, denote the constant

Ceonstr = (—)\j — Z min {ozk/j inf Q. a5 sup Qk/} — 1122171@]-) , (2.4.13)

k' £k

coeflicients

1
Cs = —— ()\] + Z Qe Zikt 5 + Wlisj> ) (2'4'14)

Zikj K2k
N
g = (Z Rijzikj> Atj, (2415)
=1

and the constraints

sup Qp

{—CconStr if sup Qk > 0,
a =

—00 otherwise,
(2.4.16)

inf
+00 otherwise.

- {—C if inf Qy < 0,

PROPOSITION 4.4. The probability density function fo, () of ax; conditional on

all other parameters is proportional to:

q

Jou, () o (H(x + cs)) exp (—ex) [{a <z < b}, (2.4.17)

s=1

PROOF. The proof is presented in Appendix [B] 0

Similarly to the baseline hazard, we propose two methods of constructing the
proposal distribution
4.2.1. Construction of proposal distribution using the mean of the full conditional.

The mean of the distribution given by Proposition [4.4] is obtained as follows.
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Let ds be the coefficients of the polynomial Z?f:o dsz! obtained by expansion of
the product []!_ (z + ¢,) in the pdf f,,,(x) defined in Proposition {4.4]

Now, if € # 0 denote

T, = (exp(—sa) - exp(—sb)) , (2.4.18)

M= ™=

Iy = (af exp(—ca) — bl exp(—eb) + fIf_l) ., f=1...,q (24.19)

where in case of infinite a or b the values of the corresponding functions are evaluated

as limits when argument approaches infinity.

In the case ¢ =0 let

pi+t _ o f+1

Ir= =0,... 2.4.20
f f+1 ) f ) » 4, ( )

where we suppose that a and b are both finite.

PROPOSITION 4.5. The normalizing constant Cyopm and the mean p of the distri-

bution fo,,(r) can be found as:

q
Coorm = _dsTy, (2.4.21)
£=0
4 ,dsT
p = it (2.4.22)
2 =045y
PROOF. The proof is presented in Appendix O

In the case of € # 0, we can use proposal of the form:

1
S + sign(e)G (1/, H) : (2.4.23)
where S is equal to a or b depending on the sign of e:

a, ife>0
S = ’ ’ 2.4.24
{b, if e <0, ( )
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and v is calculated in a such way that the mean of the proposal distribution is equal

to the mean p obtained earlier, i.e.:
v=ce(u—>5). (2.4.25)
So the proposal density g(z) becomes:
|l/

g(x) = %

For ¢ = 0 we can use the Gaussian proposal with mean equal to 4 and standard

<sign(5)x - s) e (- | (sign(e)z — S)) | (2.4.26)

deviation 7 which provides the same ratio of Gaussian pdf g(z) at mean p and one
more point y (the choice of which will be discussed later) as that of the original

distribution fq, () at the same points:

g(,u) o foékj (:u) 1 . fakj(lu)

90 For @) ey (~0E) o)

(y —p)?
fﬂtkj (/J‘) )

The point y is chosen to be 0.1 + 0.9a or 0.1 + 0.9b whichever produces the

& k= (2.4.27)

greater value of f,, (). We do not use the points a and b since f,, (v) can be 0 at
both of them.

4.2.2. Construction of proposal distribution using the mode of the full conditional.
Similarly to the proposal distribution of baseline hazard, we can construct the pro-
posals for regression functions without expanding the polynomial. Instead, we are
trying to find the mode of the distribution f,, () and construct the proposal density
g(x) with the same mode.

The following proposition describes the possible behaviour of the function f,, (x)

defined in Proposition .4}



4. OBTAINING RANDOM SAMPLE FROM THE POSTERIOR DISTRIBUTION 34

PROPOSITION 4.6. Provided that q and € are not simultaneously equal to 0, the

density fo,,(x) satisfies one of the following conditions:

(1) fay,(x) has a unique mazimum in the region a < x < b.

(2) fou,(x) is strictly decreasing in the interval a < x < b, in which case a is
finite.

(8) fau,(x) is strictly increasing in the interval a < x < b, in which case b is

finite.

Moreover, if ¢ # 0, the modified Newton-Raphson algorithm explained in Appen-
dix@ applied to the function fo,,(x) with the limits L = a and U = b always converges

to a finite value.

PROOF. The proof is presented in Appendix 0

So in the case of ¢ # 0, our modified Newton-Raphson algorithm will converge to
some satisfactory value, and in the case of ¢ = 0, the maximum is £ = a if € > 0 or
Z ="bif ¢ <0 and is always finite.

The obtained point & can be used for construction of a proposal distribution.
We consider the same form of proposal distribution as in the previous section, i.e.
distribution given by formula in the case of ¢ # 0 and Gaussian proposal in
the case of e = 0.

The shape parameter v of the Gamma distribution can be found as e(z — S) + 1,

1

the scale parameter remains El and S is the same as before.
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If ¢ = 0 we use the Gaussian proposal with mean at z and standard deviation

found through the equality of ratios like before.

4.3. Sampling from the frailty’s full conditional distribution. The condi-
tional distribution of the frailty w;; given all other parameters is given by the following
proposition.

Let ¢ be the number of individuals from the [-th region who had an event in the
interval (t;_1,t;]. Also suppose that these individuals have indices i = 4y,...,%, in
the original dataset.

Let the limits a; and b; be

p
a; = =\ — Z min {ozkj inf Qy, oy sup Qk} , (2.4.28)

k=1
by = oo, (2.4.29)

and the parameters pg and 6 be

02

T E:R;”Atj—i-wlj, (2.4.30)
02

52 = L (2.4.31)
my

PROPOSITION 4.7. The density f.,,(v) of the parameter wy; conditional on all

other parameters is proportional to:

- 1 (z — po)?
oy (1) o (H(m + cs)> N exp (—T> I{a; <z <bi}. (2.4.32)

s=1

PROOF. The proof is presented in Appendix O

4.3.1. Construction of proposal distribution using the mean of full conditional.

The mean of the distribution given by Proposition is obtained as follows.
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Let z = ¥ and let d; be the coefficients of the polynomial Z;I”:O d fyf obtained
by expansion of the product [[_, (z+4c;) in the pdf f,, (x) defined in Proposition .

Also, let a = “5# and b = —blg“o.

Denote:

Tp = &(b) — d(a), (2.4.33)
Iy = ¢(a) — ¢(b), (2.4.34)
Iy = o’ o(a) = b7 p(b) + (f — 1)Zs-o, (2.4.35)

where ®(y) and ¢(y) are the CDF and pdf of the standard normal distribution,

respectively.

PROPOSITION 4.8. Then the normalizing constant Chopm and the mean p of the

distribution f,, (x) can be found as:

Criorm = CF 54, (2.4.36)
p = dpy + po, (2.4.37)
where
q
Chowm = Y _dIy, (2.4.38)
f=0
1_,dsT

by = bl (2.4.39)

Zf:() def

PROOF. The proof is presented in Appendix O
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Therefore the proposal g(x) will have p as its mean parameter. The standard
deviation parameter k of the proposal should be chosen such that the proposal dis-
tribution g(z) would be close to the distribution f,, (z) given by the Proposition .
A convenient way of doing this is to make the proposal density equal to f, (z) at the
mean p. This ensures that both densities have approximately the same scale. Also
in the case when the density f,, (7) is exactly normal, the proposal density g(z) will
be equal to f,, (7) exactly.

Thus, the parameter x can be found from the following equation:

fos =) & L= =m (2.4.40)

The examples showing how the normal proposal with the parameters obtained
above is close to a distribution constrained from the left side only, can be seen in the
Figures 2a}2fl The solid line shows desired constrained distribution, the dashed line
shows proposed normal distribution and the vertical line indicates the mean of both
distributions.

The parameter a shown in the graph is the lower constraint. The upper bound b is
set to infinity in all the graphs presented. The polynomials are expressed in the form
(x+c1) X -+ x (x+¢,), and the values of the coeficients ¢4, ..., ¢, are shown on the
graph. We see that for different polynomials (the power of the polynomials increases
from graph to graph) and different constraint parameter values (they are chosen
randomly) the proposed density follows the shape of the desired density satisfactory
close. The constrained distribution is especially close to normal if the power of the

polynomial is high.
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Fi1GUure 2. Comparing real and proposal distribution for sampling from
frailty’s full conditional
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4.3.2. Construction of proposal distribution using the mode of the full conditional.
As before, along with the polynomial expansion method, we also offer an alternative
method based on finding the extremum.

The following proposition describes the possible behaviour of the function f,, ()

defined in Proposition [4.7]

PROPOSITION 4.9. The density f.,,(x) satisfies one of the following conditions:

(1) fu,;(x) has a unique mazimum in the region T > a.

(2) fun; () is strictly decreasing in the interval x > a;.

The modified Newton-Raphson algorithm explained in Appendiz [(] applied to the
function f,, (x) with the limits L = ay and U = +00 always converges to the local

maximum or to aj.

PROOF. The proof is presented in Appendix [B] U

The obtained  can be used as the mean of the proposal Gaussian distribution.
The standard deviation parameter can not be found like in previous case because we
do not know the normalizing constant, and hence we can not find the exact value of
fun; (). However, we can use the method of equal ratios as we did before. Since there
is a possibility that extremum is outside the region x > a;, the obtained & cannot be
the actual extremum. And since we do not allow Z to reach the limit a;, the value
of the function f,, () at the points between a; and & can be greater than that at 7.

Further, for the equal ratio method we assume that z is the maximum. Therefore we
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cannot always use the points near the limit a; and we need to use some point y > 2.
We can use y = & + max{|a|, |Z|}.

The standard deviation s can be then obtained using formula ([2.4.27)).

4.4. Sampling from spatial hyper-parameters’ full conditional distribu-
tions. The full conditional distribution of a frailty hyper-parameter 9]2- is proportional

to:

1 1 o 3
(8 o) o oo | g 5 = | 07 e (<)
J

03 rT
. uf
—(v+251)-1 1 1 9
SRR B EES DOITET | FRCERY
<t

This means that the posterior distribution is also inverse-gamma:
2 n—1 2
(02 |w) ~IG | v+ == B+ =D (wy—wiy)’ |- (2.4.42)

So the prior for 9]2- appears to be conjugate which explains the inverse-gamma
choice for it. This distribution is one of the standard distributions, and thus it is
straightforward to sample directly from it without even using Metropolis-Hastings

step.



CHAPTER 3

Geostatistical spatial model

In this chapter we present the prior, posterior and proposal distributions for the
model with geostatistical spatial structure. However, the complex posterior distribu-
tion of the frailty hyper-parameters does not allow us to obtain the proposal distri-
bution as we did it for the CAR model.

One possible solution of this issue could be to use the Metropolis Random Walk, for
which the proposals are chosen to be Gaussian distributions centered at the previously
sampled point. However, this method has a slow convergence, so it requires a large
number of iterations. For the big data which we analyse and the large number of
parameters of the model, performing so many iterations takes a huge amount of time.

So for now we do not have a solution for this problem and leave it for future

research.

1. Prior distribution for the geostatistical model

The joint prior distribution of all parameters of the model for the geostatistical
spatial structure is obtained the same way it was obtained for the CAR structure
with the only difference in the frailties” distributions and distributions of their hyper-

parameters.

41
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1.1. Geostatistical model for frailties. If the correlation between the observa-
tions from different regions is expected to depend on the distances between the regions,
we can use the geostatistical model for which the frailty terms w; = (wyj, . .., wy,;)" are
considered jointly multivariate normal with the variance-covariance matrix depending

on the distances between locations (see Banerjee et al., [2003), i.e.:
w; ~N(0,%(07,05)), (3.1.1)

where 0 is the n x 1 vector of zeros and 2(02-,¢j) is the n x n matrix with the

J

components:
Ew(O?,Q%) :szexp (_¢jdll’)7 l,l/ € {1,...,77,}, (312)

where dy denotes the distance between the locations of the groups [ and I’. The
parameter 0]2- represents the variance of each of the frailty terms, and parameter
¢; determines the correlation between the frailties (the less this parameter is, the
more is the correlation). In this model the correlation between the groups decreases
exponentially with the distance.

Note that the introduced covariance structure assumes the isotropic correlation
which means that it decreases in the same manner in any direction. In order to
introduce anisotropic correlation, one should use different kind of variance-covariance
matrix.

The frailties in different intervals are assumed independent. So the joint prior

distribution of all frailties can be obtained by multiplication of the priors in different

intervals.
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To simplify the notation, we denote the set of all o;, j =1,...,m as o, and the
set of all ¢; as @.

1.1.1. Prior distributions of the hyper-parameters. For the geostatistical spatial
model, we put the prior distributions on the variance parameters 0]2- and correlation
parameters ¢;. The prior distributions for ¢; and O'JQ» are taken according to Banerjee
et al.| (2003).

We take the gamma prior G (a,1/a) for ¢; with the shape and scale parameters
a and 1/a respectively, so that the mean is 1 and variance is 1/a. For a vague prior,
the value of a should be taken small.

The prior for 0]2- is assumed to be inverse-gamma ZG (3, ) with § and v as scale

and shape parameters, respectively. The mean in this case is % and variance is
il
%. By setting v = 2 we can make this prior vague which is provided by the

infinite variance. The inverse-gamma prior is chosen in order to make it conjugate.
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1.1.2. Joint prior distribution for the geostatistical model. For geostatistical model

the joint constrained prior distribution takes the following form:

m

T\ o,w,o, ) x H ( AR v (—co)\jAtj)>

Vv
Gamma prior for A;

1 wet — o (_%w; (z(o—;,@))_le)

J=1
7
~
Joint multivariate normal prior for w; = (w1j,...,wn;)T
m
X H LA+ E min {akj inf Q, o suka} + mln wl] >0
j=1 k=1 .

-
Constraint component

x H ( a1 oxp ( aqﬁj)) ﬁ ((o—j.)‘”‘lexp (—%)) (3.1.3)

i1 j
TV ] N WV
Gamma prior for ¢; Inverse-gamma prior for 0’]2-

where det(X) denotes the determinant of the matrix X and all other notation is the
same as in the CAR model.
This likelihood is similar to that of the CAR model with the exception that the

parameters ¢; are included in the distribution in a very complex way.

2. Obtaining a random sample from the posterior distribution

2.1. Posterior distribution. For the posterior distribution of the parameters

we have:
T(Ao,w,o,¢0 |D)x L(D|ANa,w)r (A a,w,o,¢), (3.2.1)
where the likelihood and the prior distribution are given by the equations (|2.3.1))

and (3.1.3)) respectively.

This is obtained similarly to the case of CAR model.
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2.2. Sampling from the frailty full conditional distribution. The full con-
ditional distribution of the [-th frailty for the geostatistical model it is proportional

to:

™ (wiy [ A, @, @iy, 03, 65, D)

p
x H <)\j + Z QkjZik; + wlj> exp (—Rg-l)wletj)

i€E;NS) k=1
1, -
X exp [—@ (wlj + QZwljwl/j <H(¢])) >
J £l 124
P
x I {wlj > =\ — Zmin {akj inf 0, a; sup Qk}} . (3.2.2)
k=1

where (H(¢j))l_l,1 denotes the {I’-th component of the matrix (H((bj))_l with H(¢;) =
ﬁZ(a?,gzﬁj) being the correlation matrix of the frailties and all other notation as
before.

The same way it was done for the CAR model, it can be shown that the distribu-

tion given by equation ({3.2.2)) has the following form:

T 1 (z — po)®
Juny (7) = (H(w + cs)> Nores exp (—2—52> I{a; <z <bi}, (3.2.3)

s=1

where the power of the polynomial is ¢ = card(£; N'S;), and the limits a; and b; are

the following:

P
ap = —\j— Z min {akj inf Qy, ay; sup Qk} , (3.2.4)
k=1

by = +oo. (3.2.5)
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The parameters pp and 9 of this distribution are:

-1
fo = U?Ré-l)ﬁtj—Z(H(@)) 7 (3.2.6)

l/;él ll/
5 = o} (3.2.7)

So the algorithm for sampling from geostatistical frailty full conditional distribu-

tion is exactly the same as for the CAR model discussed before.

2.3. Sampling from the full conditionals of geostatistical model variance
hyper-parameters. The full conditional distribution of a frailty variance parameter

2 : .
oj 18 proportional to:

- (0_32 |wj7¢j) . ﬁexp (—%W? (H(¢J>>_ wj) (0-]2')_’\/_1 exp <_ﬁ2>

which means that it has the from of inverse-gamma distribution:
n 1 !
(07 |wi, b;) ~IG <7+ 50+ §w§“ (H(gbj)) wj> : (3.2.9)
2.4. Sampling from the full conditionals of geostatistical model cor-
relation hyper-parameters. The full conditional distribution of the correlation
hyper-parameter ¢; has the following form:
1 1 -
. g2 - - —— W H(d: ) ogpet —ads
7T(¢J |wj,aj) x T (0 exp( 20]2w] ( (gbj)) wj> oy exp (—ag;)
(3.2.10)
The variable ¢; is included in this distribution in a very complex way (through

the determinant and inverse of matrix H(¢;). So we did not succeed in obtaining a

proposal distribution which would follow the form of this distribution. This is the
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only problematic parameter in the geostatistical model. All other parameters have
the same procedures of sampling like in CAR model and thus can be implemented
similarly.

We leave the procedure of obtaining the suitable proposal distribution for the
parameter ¢; for the future research. After it is found, the geostatistical model can

be easily implemented based on the implementation of the CAR model.



CHAPTER 4

Application of the Method

1. Model Implementation

We implement the whole specified model in a program using the combination of
R and C programming languages.

The routine MCMC sampling part is implemented in C programming language.
The necessary functions are written in C and compiled into a shared library. In order
to allow analysing data with a very large number of observations (greater than 50,000),
all the routine functions use the multiple-precision floating point types from the open
source C libraries GMP and MPFR. These libraries allow to operate with numbers which
are much closer to zero than it is allowed by the standard floating-point types of R
and C languages.

This is essential for the data with large number of observations since the expres-
sions for the posterior full conditional distributions become extremely small in this
case. As a result, the computed expressions become zero due to rounding and all the
analyses become impossible. The mentioned libraries allow to overcome this problem
which greatly increases the applicability of the method.

For the method of constructing proposal distributions which uses the means of

full conditionals (which requires computation of normalizing constants), the usage

48
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of these libraries is necessary even for comparatively small number of observations,
particularly for data in which the number of events during one time interval exceeds
50.

Also, we require reimplementation of CDF of gamma distribution with the use
of multiple precision types and reimplementation of an algorithm for solving linear
systems of equations, for which we implement a Householder method of solving them.
The implementation of these functions is based on a code from another open source
library called GSL. It contains most of the frequently used mathematical functions
and methods but with the use of only standard double precision floating point type.

The rest of the program is written using the R language which calls the routine
MCMC-sampling functions from the compiled C shared library.

The resulting program allows to incorporate the strong analytical capabilities of
R language while utilizing the fast execution of C code for the computationally hard
routine sampling procedures. Also, the C implementation allows to use the methods
of the mentioned GMP and MPFR libraries.

While we implement both of the discussed methods of constructing the proposal
distributions, we use only the one based on the mode of the full conditional since
it is much faster and numerically stable especially when we analyse the data with
around 50,000 observations later on. So in future we discuss only the results of the

mode-based method.
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2. Simulation Study

We conduct the simulations in order to study the performance of the proposed
method of estimating the parameters. These simulations are intended to study how

the input values of the algorithm affect the model parameters estimation.

2.1. Data Generation.

2.1.1. Generating parameters. We choose the number of covariates p = 2, the
number of regions n = 5 and the study period 7 = 1. The baseline hazard is set to
be a linear function of time A(¢) = 0.3 + ¢. The first regression function is set to be
a linear function, and the second one a quadratic function of time: «4(t) = —0.3t,
ag(t) = —0.4t%. The sets of admissible covariate values are ; = Qy = [—1,1].

The adjacency structure of the regions is represented by the tridiagonal matrix:

110 00
11100
A=101 1 1 0f, (4.2.1)
00111
00011
where A;y = 1 denotes that the regions [ and [’ are adjacent.

The values of the frailties are assumed to be constant over time and are generated
from the CAR distribution with the first frailty set to 0 and parameter § = 0.1. If
the value of any frailty appears to be less than —0.3, all frailties are resampled.

The covariate values are also assumed to be constant and generated from uniform
distribution with the limits specified in €2; and €2,.

The generated parameters satisfy the condition of non-negative hazard given

by ([2.2.3), so the specified model is well defined.
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2.1.2. Generating Event Times. In order to generate the event times for the in-
dividuals, we propose using the piecewise constant hazard approximation of survival
function for each individual. For sufficiently large number of break points, the data
generated from a distribution with such survival function is very close to the desired
distribution.

We choose M = 1,000 equidistant break points £, = hs, h = 1/M from 0 to 1 and
approximate the above mentioned functions by step functions S\(t), &y (t) and as(t)
that are constant during the defined intervals and equal to the values of the approxi-
mated functions at the midpoints of the intervals. We will write the formula only for
the baseline :\(t), and the formulae for the regression functions approximations will

be similar to it:

At) = A (%) . s(t) =min{r:t, > t}. (4.2.2)
Note that this time partitioning is not the same partitioning which was discussed
in the previous chapters. The breakpoints ¢, are used only for data generation.
Now, we compute the hazard for each individual at all breakpoints Z, from which
we can obtain the approximations of survival functions of these individuals. Then
in order to generate the event time of one individual, we generate a random number
between 0 and 1 and then apply the inverse survival function to this number. The
obtained value is considered as the event time of that individual. The inverse survival
function can be found based on the approximations A(t), &;(t) and as(t) introduced

above. Since all these three functions and frailties are piecewise constant functions

any linear combination of them is also a piecewise constant function. So the problem
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of finding the inverse survival function reduces to finding the inverse survival functions
for the piecewise constant hazard.

The survival function has the following relation with the hazard:

S(t) = exp (- /0 th(u)du) e SE) = - /0 h(u)du. (4.2.3)

For the piecewise constant hazard, the integral reduces to the summation:

InS(t) = =Y h(t) AL, — h (L) (t— ), (4.2.4)

s>1:
i<t

where s(t) = max{s > 0: t, < t}.
So if we want to find ¢ given the value S(t) = S we can firstly find the index §
such that the corresponding time point t; is the beginning of the interval to which

the desired t belongs. This § can be found from the following equation:
§=max{s: 0<s< M and S(t,) > 3}. (4.2.5)

Now when we know §, we can find ¢ from the equation:

—h (fs1) (t—f) =In S+ ) h(E,)AL, (4.2.6)
s=1
InS+ 3% ht)AL, .
St=— ns+ Zsfl hlt)At, + 1, (4.2.7)
h (t§+1)

where we assume that if § = M then ¢ = +o0.
After all the event times are generated, we generate random censoring times from
exponential distribution with the rate v = —In(0.5)/7 &~ 0.69. This rate is chosen so

that the probability of censoring time to exceed 7 is equal to 0.5.
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Now, if an individual has censoring time greater than the event time, then the
event time is recorded and this individual is marked as having the event, otherwise

the individual is marked as censored.

2.2. Studying the performance of the method. We run simulations for dif-
ferent values of N (number of observations) and m (number of time break points)
and construct the plots representing the results of estimation which can be found in
Appendix [D] For every N and m we run the algorithm several times with different
numbers of iterations. The first quarter of iterations in all cases is considered as
burn-in period and is excluded from the estimation.

The thick line on each plot shows the real value of the parameter, the solid thin
line shows the median value of parameter the among the simulated values, and dashed
lines show the 2.5% and 97.5% quantiles. These quantiles take the place of confidence
intervals in the frequentist’s estimation.

One can notice that the number of iterations almost do not play any role in
estimation. Thus, the estimators with the number of iterations equal 100 are almost
the same as ones with the number of iterations equal to 5,000. This can be explained
by the very fast convergence of the designed MCMC algorithm.

The number of observations, on the other hand, has a very important role. One
can notice that the confidence limits become significantly narrower when the number
of observations increase.

Regarding the number of break points, we can notice the tendency of the esti-

mators to be closer to the actual values when the number of time points increases.
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This seems reasonable since we are trying to approximate time-varying functions.
However, for large numbers of intervals compared to number of observations, the con-
fidence limits become very wide. This can be explained by the fact that the accuracy
of estimation depends on the number of observations carrying the information about
the parameters. But when we increase the number of intervals, there are less subjects
having events during each interval, thus increasing the variability.

So the number of intervals should be chosen as a trade-off between accuracy of
the piecewise constant approximation and variability of estimators.

From all above mentioned we conclude that for data analysis there is no need
to perform huge number of MCMC iterations and 500 seems to be quite reasonable.
Also the method is sensitive to the number of observations, so it works better for big
data. Regarding the number of time points, this choice should be made depending on
the particular application. It is worth mentioning, that it is better not to take this
number so big that some of the intervals do not have events at all. In this case the
hazard for such intervals is estimated as zero or almost zero. While theoretically it
may be correct estimation of hazard, practically such intervals appear not due to zero
hazard, but due to lack of observations or discrete time recording. So, for reasonable
estimation, such intervals should be joined with adjacent intervals to ensure that each

interval has at least one event.
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TABLE 1. Variables Used in Data Analysis

Variable Name Variable Values Variable Name
in Analysis in Analysis in SEER Database
age 0-106 Age at diagnosis
Distant
’ EER histori A
stage Localized /regional SEER historic stage
Race recode
Black, Whit
race ack, Ve (White, Black, Other)
marriage Single, Married, Other Marital status at diagnosis
region 1-64 County
. Survival time recode
t 1-72
HHe (total # of months)
event 0.1 Vital status recode

(study cutoff used)

3. Application to the Prostate Cancer Data

3.1. Data Description. We apply the proposed method to the Surveillance,
Epidemiology, and End Results prostate cancer data (SEER), 2008]).

The data analysed is similar to that analysed in [Zhang and Lawson (2011)).

We extract the data set from the SEER 17 Registries Incidence database based
on the November 2007 submission. As Zhang and Lawson (2011) we use only the
Louisiana cases.

The variables considered are presented in the [Table T}

The observations with unknown age were excluded, and according to the stage of

cancer, all observations were divided into two groups like in|Zhang and Lawson, (2011)):



3. APPLICATION TO THE PROSTATE CANCER DATA 56

‘Localized /regional’ and ‘Distant’. The cases with stage other than ‘Localized’, ‘Re-
gional’, ‘Localized /regional (Prostate cases)’ or ‘Distant’ were also excluded from con-
siderations. The first three groups were joined into one group, ‘Localized /regional’.

The observations with ‘Other’” or ‘Unknown’ race were ignored. So only individuals
with the race ‘Black’ or ‘White” were included in the analysis.

The marital status was recoded into ‘Married’, ‘Single” and ‘Other’. The ‘Other’
category included all categories other than ‘Married” and ‘Single’. The observations
with unknown marital status were ignored.

The county numbers presented in the SEER database include only odd numbers
from 1 to 127. In the variable ‘region’ we recoded them into the numbers from 1
to 64. The numbers of the counties were in alphabetical order with respect to their
names.

The survival times in the database represent the total number of months the
patients survived. In order to avoid zero survival times, in our analysis we add 1 to all
survival times so the survival times used in our analysis have different interpretation.
In the original data, the value n of survival means that the patient’s survival time is
between n and n 4+ 1 months. In our analysis the value n means that survival time is
between n — 1 and n months. This changes allow us to avoid zero survival times by
only slightly changing the interpretation. So the original survival times taking values
0-71 in our analysis are recoded to 1-72.

The event indicator variable ‘event’ contains the vital status recoded as 0 (Alive)

and 1 (Dead).
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Further, we constructed dummy variables for the categorical variables ‘race’,
‘stage’ and ‘marriage’.

Therefore, the total number of variables is 5: 1 for ‘age’, 1 for ‘race’, 1 for ‘stage’
and 2 for ‘marriage’. In addition, we have 64 counties the effects of which are analysed
through introducing 63 spatial frailty terms (recall that the first frailty term is set to

be always 0), and the intercept term is represented by the baseline hazard.

3.2. Choice of the number of intervals. As was already mentioned before,
our method depends on the partitioning of time. We use the equidistant time break
points, so the choice of the break points reduces to the number of these breakpoints.

We choose the optimal number of intervals based on the Deviance Information
Criterion (DIC) as in Banerjee et al.| (2003); Zhang and Lawson (2011) and the sum-
mary Log-Conditional Predictive Ordinate (LC PO) as in Silva and Amaral-Turkman
(2004)).

The DIC is a Bayesian analog of Akaike’s Information Criterion (AIC). The
value of DIC' incorporates the information about the model fit and about the model
complexity. The better the fit and the simpler the model is, the less is the DIC' value.

DIC can be found based on the deviance statistic (see Banerjee et al., 2003)):

Dev(A, a,w) = —21n L(D|A, o, w), (4.3.1)

where A, a and w are the baseline, regression functions and frailties values introduced

before, D is the data and L(D|\, a,w) is the likelihood function.
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Now, the fit of the model is represented by the posterior expectation of the de-

viance:
D=E [Dev(x, a,w)\D} : (4.3.2)

The complexity of the model is captured by the effective number of parameters
pp which can be defined as the posterior expectation of deviance minus deviance

evaluated at the posterior expectation of the parameters:
pp = FE |Dev(A, o, w) | D} — Dev (E [()\,a,w) | D]) : (4.3.3)
Then the DIC can be computed as the sum of the obtained values D and pp:
DIC =D + pp. (4.3.4)

The smallest value of DIC among the models compared indicates the preferred
model. Banerjee et al.| (2003) mention that DIC' can not be used for the identification
of the correct model, but can only be used to compare the alternative formulations all
of which can be incorrect. Also they note that the value of DIC itself has no meaning
and only the differences on the DIC for the compared models are meaningful.

The posterior expectations in the formulas above can be obtained by the Monte-
Carlo integration, i.e. using the fact that the posterior expectation of any measurable
function T' (X, o, w) of the sampled parameters can be estimated by the mean value

of this function among all sampled values of parameters (see, e.g. Gelfand and Smith),

1990):

E [T()\, o, w) | D] ~ %ZT </\($),a(5),w(s)> , (4.3.5)
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where [ is the number of sampled values of parameters, and the superscript (s)
indicates that we use the s-th sampled value of the parameter.

Another measure which can be used for model comparison is the summary Log-
Conditional Predictive Ordinate LC' PO measure. This measure is based on the cross-
validating predictive densities of observations given all other observations (see Silva

and Amaral-Turkman, 2004), i.e.:

where y; denotes the i-th observation and D_; denotes the rest of the data after
deleting the i-th observation from it, the expectation is computed with respect to the
model parameters (with y; fixed) and we assume that the observations are condition-
ally independent given the model parameters. The larger the value of C'PO; is, the
better the i-th observation agrees with the model obtained using the rest of the data.

The CPO; can be computed by the MCMC algorithm using:

1
1
5:21 LA a® w())

~l=

where the denominator represents the Monte-Carlo integration of the reciprocal of
the marginal likelihood of the i-th observation.
Comparison of two models can be made using a summary measure LC PO defined

as:

N
LCPO = I CPO;. (4.3.8)

i=1

The large values of LC'PO imply a better model adequacy.
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TABLE 2. Values of DIC, pp and LCPO for different numbers of intervals

Number Actual Effective Deviance  Conditional
of Number of Number of Information Predictive
Breakpoints Parameters Parameters  Criterion Ordinate
m Nopar PD DIC LCPO
1 70 63 189,244 -94.,630
12 840 463 -692,284 327,009
24 1,680 740 -1,780,091 827,536
36 2,520 953 -3,098,172 1,403,102
72 5,040 1,273 -7,702,954 3,393,691

From the simulation study we found that a reasonable choice of the number of
MCMC algorithm iterations is 500. So we run this number of iterations for differ-
ent numbers of breakpoints in order to obtain the optimal value of m. However we
prefer to run 5, 000 iterations for the data analysis since the number of model param-
eters here is much more than that used in simulations and we want to decrease the
estimation errors due to small sample.

We use both DIC' and LC PO for choosing the optimal number of breakpoints in
the model. The values of DIC, pp and LC' PO for different numbers of breakpoints
m are presented in [Table 2]

One can notice that the effective number of parameters is much less than the actual
number of parameters in the model. Also it increases even slower that the actual
number of parameters. For example, the effective number of parameters changes from
953 to 1, 273 for the case of m = 36 and m = 72 while the actual number of parameters
increases from 2,520 to 5,040. This means that the penalty for introducing more

parameters in the model is very small, and at the same time, the fit of the model
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significantly improves when we use more time breakpoints which is indicated by the
rapid decrease of DIC and increase of LC'PO. So clearly, the more intervals we take
the better a model becomes.

However, the further increase of number of breakpoints is unreasonable. The
survival is presented in integer number of months. So it is impossible for the data to
have any intermediate values between consequent integers. Therefore, the smallest
reasonable partitioning is partitioning into the intervals of the length 1. This case is
represented by the number of intervals equal to 72.

So the optimal number of intervals for this data is 72. Thus we select the model

with m = 72 for further data analysis.

3.3. Analysis of the data. The estimated values of the baseline hazard, regres-
sion functions, and spatial frailty terms are presented in the Figures

The solid line indicates the median values of parameters while the dashed lines
show the 2.5% and 97.5% quantiles thus representing the confidence limits.

The Regression function 1 stands for the ‘age’, Regression function 2 for the
‘race’ (0 - Black, 1 - White), Regression function 3 for the ‘stage’ (0 - Distant, 1 -
Localized /regional) and Regression functions 4 and 5 together stand for ‘marriage’
((0,0) - Married, (0,1) - Single, (1,0) - Other).

The value of the first frailty term (corresponding to Acadia parish) is forced to be
0, so it is not shown in the figures.

The baseline hazard corresponds to the person with ‘age=0’, ‘race=Black’, ‘stage=Distant’

and ‘marriage=Married’ from the first county (Acadia).
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FIGURE 3. Estimated Parameters of The Model
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FIGURE 4. Estimated Parameters
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FIGURE 5. Estimated Parameters of The Model (Continuation
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FIGURE 6. Estimated Parameters of The Model (Continuation)
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We see that the hazard for such person starts from the small value before 1 month,
takes the maximum value between 1 and 2 months and rapidly decreases to the
initial value at 5 months. After that it slowly decreases until 30 months and remains
approximately constant until 50 months and then increases. The confidence limits
for the baseline hazard starting from 65 months are very wide which means that the

estimated values are not reliable in this region. The confidence limits for the first 4
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month, on the other hand, are almost equal to the median value which means that the
estimated value of the baseline hazard is very accurate. Such a difference in accuracy
is explained by the number of events (deaths) at these regions. The total number of
events in the region ¢ > 65 is 57 with only 2 events corresponding to the interval 71-72
months and a little more for the preceding intervals. For the interval 0—1 months,
on the other hand, there are 2091 events which allows to estimate the hazard with a
very good accuracy.

Note that the values of the Regression function 3 (stage) are approximately equal
to the negative values of the baseline hazard. This means that for the persons with
the ‘stage=Localized /regional’ the hazard is almost 0. So the stage effect is obviously
very significant during the first 4 months. After that the stage is much less important
while the hazard is always less for the person with Localized /regional stage.

The age effect (Regression function 1) is significant during the first 5 months and
after that it is not significant since the confidence intervals always contain zero.

Regarding the race (Regression function 2), it seems insignificant. However the
confidence intervals are skewed towards negative values which indicates that there is
a tendency for the black persons to have greater hazard than white.

Now, according to the Regression function 4 and 5 plots, the marital status is
not significant after ten months within which the hazard for both Single and Other
is greater than that of the Married, and the hazard corresponding to the persons
with ‘marriage=0Other” which includes Divorced, Separated and Widowed, is a little

greater than that of Single. While the effect after 10 months does not seem to be
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significant, there is still a tendency for it to increase the hazard compared to the
Married persons.

Regarding spatial effects, while some frailty effects seem to be insignificant, we can
notice the tendency of other ones to be negative or positive. For instance, the values
of the 36-th (Orleans) and 52-nd (Saint Tammany) frailty tend to be negative. This
means that the hazard of the patients in these counties is less than that of patients in
the first county (Acadia parish). For the 33-rd (Madison parish) and 54-th (Tensas
parish), however, the frailties are always positive which indicates larger hazards in
these counties.

These tendencies agree with the results obtained by Zhang and Lawson (2011).
Note that the AFT model used by them considers the effect of the covariates and
frailties on the survival time while our model considers the effects on the hazard. So,
the positive effect obtained in our model corresponds to the negative effect in theirs
and visa versa.

The important thing that need to be mentioned is that the data indicates signifi-
cant time-dependency of the effects which cannot be caught by the AFT model. This

suggests the usage of our model.



CHAPTER 5

Conclusions

We developed a Bayesian Spatial Additive Hazard Survival Model in which all
covariates and spatial effects have additive form with respect to the hazard rate and
the spatial dependency assumed to have a conditional autoregressive form. All the
included effects are allowed to be time-varying which makes the model more general
than the models existing in literature.

The estimation of the parameters is made through Markov Chain Monte Carlo
sampling from the posterior distribution which is carefully designed to have good con-
vergence properties. In order to provide good convergence, the appropriate proposal
distributions were constructed.

The model is implemented in a program which uses the combination of R and C
programming languages and utilizes the multiple precision floating point data types
allowing to apply model to the big data.

Using the mentioned computer program, we conducted the simulations to study
the performance of the algorithm for different sets of parameters.

Finally, we applied the proposed model to the prostate cancer data from the SEER
database, and presented the results of the analysis in the form of plots which were

discussed in detail and supplied with necessary comments.

68
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In addition, we presented (but not implemented) the model with the geostatistical

spatial structure leaving the implementation as a future research direction.



APPENDIX A

Introduction to Markov Chain Monte Carlo

We use the Markov Chain Monte Carlo (MCMC) method for sampling from the
posterior distribution. As discussed for example in|Gelfand and Smith| (1990), |Casella
and George| (1992) or [Tierney| (1994ayb), this method allows to obtain samples from
any distribution the pdf (or pmf) of which is known up to a multiplicative constant.
The basic idea of the method is to generate a Markov Chain which limiting distribu-
tion is the same as the desired distribution. Then the states of this Markov Chain

can be considered as a sample from this distribution.

1. Gibbs sampler

We will use a particular MCMC algorithm which is called Gibbs sampler (see
Gelfand and Smith, [1990; |Casella and George, [1992). This method can be ex-
pressed as follows. Suppose we need to obtain a sample of I random vectors U =
(Ul(i), o U;?)T ;i =1,...,I from the multivariate distribution with the pdf f(U) =
f(U,...,Uk). Then Gibbs sampler algorithm consists of the following steps:

(1) Begin with some starting set of values U(®) = (UI(O), e U;?))T.
(2) On the i-th iteration (i € {1,...,I}) we use the following Markovian updat-
ing scheme:

(a) draw U from the conditional distribution f (U1

o, e,

70
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(b) drawe U from f (U5 U, U™, Ug™Y);

(c) draw U]@ from f <Uj

i i i1 i—1
v, U0 Uty Ut ));
(d) draw UI(? from f (UK ‘Ul(i),UQ(i),...,Ul(?_l);

, . T
(e) set UW = (Ul(z), ey U;?) .

(3) Repeat step [2| until all I desired vectors are obtained.

It is proved that under mild regularity conditions the distribution of the vectors
obtained by the algorithm above, converges to the desired distribution f(Uy, ..., Uk)
(see |Gelfand and Smith) [1990, and their references).

However, Gibbs sampler requires availability of full conditional distributions, i.e.
existence of the efficient algorithm to generate samples directly from these distri-
butions. This is not provided in our case since the full conditionals appear to be
non-standard constrained distributions.

Application of Gibbs sampler for constrained distributions is discussed in |Geltand
et al.| (1992). They offer several methods of sampling from a constrained distribution
which belongs to one of the standard ones, and also for some cases of non-standard.

Unfortunately, our conditional distributions don’t belong to the class of distribu-
tions discussed by them. So we need to use some other methods for sampling from

conditionals.
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2. Metropolis-Hastings step

If the conditional distribution is complex non-standard distribution as in our case,
one should use the Metropolis-Hastings sampling algorithm for sampling from condi-
tional distribution.

The basic idea fo the method is explained in Hastings| (1970)). He considers the
discrete distributions but he mentions that continuous distributions can be more
than adequately approximated by the discrete distributions. This is actually what
happens in computations because the generated by computer random variables can
not be continuous, but they are discrete with very small steps though.

The continuous version of Metropolis-Hastings algorithm is well described in
Tierney (1994a)). Adopted to our purposes, it can be expressed as follows. Let
p(U;|Us, Vs # j) be a known function proportional to the desired conditional dis-
tribution f(U;|Us, Vs # j) which is unknown. Also suppose that we have proposal
density function g(U,|Us, Vs # j) which is a pdf of some standard distribution which
is easy to sample from. Then, the Metropolis-Hastings algorithm for the j-th vector

component on the i-th iteration of the Gibbs sampler is the following:

(1) Draw a proposal state U; from the distribution with density:

i 7 i—1 i—1
g<Uj v, U9, U Ut )>. (A2.1)
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(2) Calculate the acceptance ratio AR:

(i) (@) rrli-1) (i-1)

p(U'. v, o ot ol )

Al = (‘in (i) : (i) : (i-1) (i-1)
p(Uj ‘Ul L UYLt U )

g (U](i—n
7 7 1—1 i—1
g(UJ’- v, U0 Ui Ul >>

Here we assume that denominators of both fractions are positive. Since all generated

% 1 i—1 i—1
v, U U oY

J

>. (A.2.2)

X

values of U belong to the region with positive density by construction of the MCMC
algorithm, then it suffices for the initial state to be within this region to ensure that
the denominator of the first fraction is always positive. The second denominator is
positive because the value U is generated from the proposal density which provides
its positivity at this point.

Therefore, provided that the initial value U is chosen properly, the acceptance

ratio will be always possible to calculate.

(3) Calculate the acceptance probability a based on the acceptance ratio:
a=min{AR,1}. (A.2.3)
(4) Accept the proposal state U; with acceptance probability a, i.e. set

UY —

J

{U]’- with probability a, (A.2.4)

U;i_l) with probability 1 — a.

Theoretically, this algorithm eventually converges to the desired distribution for
any proposal density g(U;|Un, ...,Uj_1,Uj41, . .., Uk) which is almost everywhere pos-
itive wherever the desired conditional density f(U;|Us,...,Uj_1,Uj41, ..., Uk) is pos-

itive (see [Tierney, (1994a;, subsection 2.3.3). However, it works best if the proposal is

close to the desired conditional density.
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Note that actually Metropolis-Hastings algorithm can be used directly for sam-
pling from the multivariate posterior distribution rather than from univariate full
conditionals. But in this case it will be very hard to find the appropriate multivariate
proposal distribution which would provide good convergence. So we only use one step
of Metropolis-Hastings algorithm on each iteration of the Gibbs sampler.

This combined algorithm having one iteration of Metropolis-Hastings algorithm
inside the Gibbs sampler, is known as Metropolis-within-Gibbs. Combined Metropolis
algorithms are discussed in Tierney| (1994alb)). They provide the necessary theoretical
background and prove the convergence of such methods. They mention that in the
case of being unable to sample from the conditional distribution in Gibbs sampler
directly, one can use the approximate algorithms like rejection sampling or grid-
based sampling. But in order to ensure that stationary distribution doesn’t change,
one should embed such algorithm in a Metropolis chain. This guarantees that the
equilibrium distribution is exactly the desired distribution no matter how good the
approximation is.

Often the proposal contains some parameters which need to be tuned in order to
improve the convergence properties. This can be hard to do sometimes. The adap-
tive algorithms can be used to automate the tuning process during the sampling.
Roberts and Rosenthal| (2007) discuss the adaptive MCMC algorithms, showing that
one should be careful with adopting since it can destroy the convergence to the de-
sired distribution. In particular they discuss the adaptive Metropolis-within-Gibbs

algorithm on the example (”Stairway to Heaven”). The adaptive algorithms are very
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useful if one uses, for example, Metropolis random walk, i.e. the Metropolis algo-
rithm with proposal having the form of normal distribution centred at the previously
generated point. In this case the variance parameter should be tuned to ensure that
the rejection doesn’t occur too often and at the same time random walk explores the
sample space good enough.

In our work we choose to derive the proposals which are close to the desired full
conditionals instead of using the methods like random walk which are very simple in

implementation but require tuning procedures and suffering from slow convergence.



APPENDIX B

Proofs of Propositions Concerning Full Conditional
Distributions

In this Appendix we present the proofs of the propositions stated in Chapter [2|

1. Baseline full conditional distribution

PRrROOF OF PROPOSITION [4.1] The full conditional distribution of A; given all
other parameters and data can be obtained by extracting all the terms containing A;
from the posterior distribution given by the formula (2.3.6). Thus it is proportional
to:

p
(A ey w;, D)o [] <>\j + D iz + Wli)
= k=1

X )\;OTOAtj_l exp <—(R] + Co))\jAt]’)

p
x I {Aj + ;min {% inf Q, ag; suka} + min w; > 0} ;A >0, (B.1.1)

where &; is the set of all individuals for which the event occurred in the interval
(t;_1,t;] and R; = SN | R,; with R;; being the proportions the individuals are at risk
in this interval which are defined in (2.3.3)).

So, if there are no events in the interval (¢;_1, ;] then the distribution of \; given
by reduces to constrained Gamma. If, in addition, the inequality inside the

indicator function in this equation holds for all A\; > 0, this distribution becomes
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Gamma with the shape and scale parameters coroAt; and ( respectively.

1
cotR;)AtL;
If however there are events in the interval (¢;_,t;] the distribution becomes more
complex.

Note that with regard to \; the first term of the equation (B.1.1]) is a polynomial
of the power E; = card(&;) equal to the number of events in the interval (¢;_1,t;].

Then the distribution of A; has the form of:

Ej

2"t exp (—£> [{z>a}, >0, (B.1.2)
£

where ¢, = 22:1 QpjZikj +wy,, with i being the indexes of the individuals from cEj;

p = corolt;, € = m and T'(p) = [77€7  exp(—¢§)d¢ is a gamma-function. The
J

constraint a inside the indicator function is computed according to (B.1.1)) as:

p
a=— Zmin {akj inf Q,, ay; sup Qk} — min wy;. (B.1.3)

1<i<n
k=1

Also we make a convention that in the case of £; = 0 the product ngl(m +c) =1.
Note that ¢, > —a, Vs = 1...FE;, which follows directly from the definition of
constraint a and coeflicients c,.

This gives us the distribution of exactly the same form as stated. U

PROOF OF PROPOSITION .2l The polynomial ]2, (z + ¢,) can be expanded

into Zfio dyx! which leads to the following expression for the density:

E;

Z dx? L exp (_§> I {z > max]a,0]}. (B.1.4)
£=0

1

f)\j (CL’) = Cnormgpr(p)
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This allows us to find the normalizing constant explicitly:

Cnorm - / Cnormf)\j (l’)dl’

max|a,0]
& L(p+f) 1
L(p / p+f-1 x )

—— = exp | —— | dz

fz:: ( p) max[a,0] 5p+fr(p + f) < €>

E; max[a,0] E;
with ( ) being a CDF of gamma distribution G(p, €), where:
v (x,p) = / £ exp(—£)dé (B.1.6)

0

is the lower incomplete gamma function, and we denote:
Llp+f)

max]|a,0]
7, o 1_7(—5 ,p+f>
['(p) I(p+ 1)

(B.1.7)

Similarly to normalizing constant, we can now find the mean of this distribution:

B Z?io ALy
=25
Zf:O def

which is exactly the formula stated. 0

(B.1.8)

PROOF OF PROPOSITION [£.3]. We will use the log-transformation of the pdf for

finding the maximum:

E;
W(x) = Infy(x) = ;ln(x te)+(p—1Dlnz — g +C,  (B.L9)
W(z) = it Lot 1 (B.1.10)
—~ 1+ x g’
" < 1 p—l
W'(z) = —Z(%LC)Q— o (B.1.11)
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where C' is a constant not depending on z. Recall that the terms (z + ¢;) are all
positive provided that x > a which makes the usage of the logarithm possible.

So we search for local maximum of ¢(x) in the region z > max{a,0}. To avoid
singularity at the ending point, the optimization algorithm should be designed in such
way that it does not allow z to reach the bound.

Now consider the following functions:

Ymin(2) = E;jIn(z + cmin) + (p— 1) In(z) — g el (B.1.12)

Yman(®) = E;In(z + cmas) + (p— 1) In(z) — g +C, (B.1.13)

where the function ,,;,(x) is obtained from the function v (z) by replacing all the

coefficients ¢; by the minimum of them ¢,,;, = min ¢, and V.. (x) is obtained
I_SS j

from v (z) by replacing all the coefficients ¢, by the maximum ¢, = max cs.

1<s<E,
The corresponding first derivatives will then be the following:
E; p—1 1
i = J - = B.1.14
E; p—1 1
! = J - —. B.1.15
V@) = o+ m (B.1.15

The simple expressions for . () and 1, (z) allow us to find the largest ex-

tremum for each of them analytically (if it exists):

1

xrp= 5 (5(p+EJ_1) _Cmax+\/(5(p+Ej_1) _Cma$)2+45(p_1)cma$) <B116)

1
$U:§ (€(p+Ej_1)_Cmin+\/(E(p‘l'Ej_1)_Cmin)2+45(p_1)cmm) (Bll?)

where zp and zy are the maximums of ©,..(x) and ¥, (z) respectively provided

that the expressions under the square roots are non-negative.
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Note that since ¢in < ¢5 < Cmag, Vs = 1,..., E;, then ¢ . (x) < ¢'(z) <

maz
L), Yo > max{a, 0}.

This implies that if ¢,,,(2) does not have extrema then ¢/ . (z) < 0, Vx >
max{a, 0}, and thus, ¢'(z) < 0 in this region from which we conclude that ¢ (z) does
not have extrema as well and is strictly decreasing.

Note that when z — oo the function v (z) tends to negative infinity and its
derivative approaches a negative value:

lim ¢(z) = —o0, lim ¢'(z) = 1 < 0. (B.1.18)

T—00 T—00 &

The form of the function ¢/(x) tells us that there can be only finite number of
solutions for the equation ¢’(x) = 0. So if there exist extrema of 1(z), there are
only finite number of them. Since v¢’(x) eventually becomes negative, the greatest
extremum can not be local minimum. So it is local maximum. This proves the first
statement.

Now since Z is local maximum, ¢'(z) = 0 and ¢'(z) > 0 for some z < Z. Then

! (@) > 0 and so since 1] . (z) eventually becomes negative and is continuous,
there exists an extremum xy; of 1,,;,,(z) which is greater or equal to the extremum of
U(x), ie. xy > T

Similarly, the existence of the largest extremum x, of 1,4, () implies the existence

of extrema for ¢(z) and holding of inequality z; < Z. Then as was shown before 2y

is defined and 7 < xy.

This proves all the statements of the proposition. 0
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2. Regression function full conditional distribution

PROOF OF PROPOSITION [4.4l. The full conditional distribution of the compo-
nent of one regression function ay; given all other parameters can be obtained by

extracting all the terms containing ay; from the posterior distribution given by the

formula (2.3.6). Thus it is proportional to:

s (Oékj ’ )\j, Oékj/¢kj, wij, D) X H ()\] + A Rikj + E O/ Zik! + wlij>
’L'Egjﬂck,j k'#k

N
X exp (- <Z Rijzikj> Ojijtj>
i=1

x I {akj inf 0 > —\; — Z min {ak,j inf yr, oy j sup Qk/} — min wlj}

1<I<n
k' £k

x I {ozkj sup {l, > —A\; — Z min {ak/j inf Oy, oy j sup Qk/} — min wlj}

1<i<n
k' 4k

x I {O € =>0>-)\ — I%;kmin {ak/j inf O/, o suka/} — 1r£li§nnwlj} ,
(B.2.1)

where Cy; is the set of individuals whose k-th covariate takes non-zero value at time
t;, Le.
Cij = {z D Zikj 7 0} . (B.2.2)
The first term in (B.2.1)) is the polynomial of the power ¢ = card(&; N Cy;) which
is equal to the number of individuals who had an event in the interval (¢;_4,¢;] and
whose k-th covariate was not zero at the moment of event.
The last three terms (indicator functions) represent constraints. If €2, contains
only non-negative values then the distribution is constrained from the left, if it con-

tains only non-positive values then the distribution is constrained from the right, and
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if it contains both positive and negative values then the distribution is constrained
from both sides. The last constraint is introduced for mathematical completeness and
is actually a constraint on the variables in the condition rather than on ay;. Since
every set €2 contains 0 (which makes A(t) to be interpretable as the baseline hazard),
this constraint basically tells us that the right hand side of the first two restricting
inequalities is always non-positive.

Since zy; # 0, Vi € & N Cy;, then we can divide each term in the product by

corresponding z;,; and obtain the distribution of the following form:

q

Jou; () X (H(:E + cs)> exp (—ex) I {a < x < b}, (B.2.3)

s=1

where the coefficients of the polynomial ¢, and the parameter € are defined as:

1
Cs = ()\] + Z ak/jzik/j + wlisj> s (B24)

Zikj K2k

N
g = (Z Rijzikj> Atj, (B25>

i=1

with the indices i, being the indices of the individuals from &; N Cy;.

In the case of ¢ = 0 the convention is made that ngl(:ﬂ +¢5) = 1. Also note that
in the case when all individuals which are at risk in the interval (¢;_;,t;] have the
k-th covariate equal to 0, it is impossible to estimate «y; from the data. In this case
one should merge the interval (¢,_1,t;] with the adjacent intervals in order to obtain

at least one individual at risk with non-zero k-th covariate.
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The constraints —oo < a < b < oo are constants calculated according to (B.2.1])

as follows:

sup Oy

{—C”"S” if sup 2, > 0,
a =

—00 otherwise,

(B.2.6)

inf Qk

o | S ifinfQ <o,
—+00 otherwise,

where Ceonsir is the right side of the restricting inequalities inside the indicator func-

tions of (B.2.1)):

Cronstr = <—)\j — Z min {ak/j inf O/, oy sup Qkf} — min wlj> , (B.2.7)

1<i<n
k' £k
which is non-positive as was already told before.
Note that all the coefficients ¢4 of the polynomial in (B.2.3) satisfy exactly one of
the conditions —¢; < a < 0 or —¢s > b > 0 which implies that sign(z + ¢;) = const,

Vz:a<x<b. O

PROOF OF PROPOSITION [4.5] Expanding the product [[?_,(z + ¢,) to the form

> =0 dgz! we can rewrite the pdf fo, (z) as:

1 q
o dexf exp (—ez)[{a < x < b}. (B.2.8)
norm f:O

Jow; () =

As before, the normalizing constant C,,,,,,, can be obtained by integration of each
term in the summation(B.2.8). The recurrence relation between the integrals 7, =
fab xyexp(—ex)dr used for integrating the summation in the case of € # 0 is

the following:

Ty = (exp(—aa) - exp(—eb)) , (B.2.9)

M= ™=

Iy = (af exp(—ea) — b/ exp(—¢eb) + fIf_1> ., f=1,...,q, (B.2.10)
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and in the case of ¢ = 0 these integrals become:

R

Ir="—1\ f=0,...,q B.2.11

Then the normalizing constant is equal to:

q
Coorm = » _ ds Ty, (B.2.12)
=0

and the mean of this distribution can be obtained as:

. Z?ﬂ:o ATy

P i i (B.2.13)
> G0 diZy

O

PROOF OF PROPOSITIONZ.Gl Firstly, consider the relation between the sign of €
and the infiniteness of a or b.

If both a and b are finite, it means that inf €2, < 0 and sup{, > 0. So the
covariates z;,; of individuals can have any sign and therefore € can have any sign as
well.

If a is finite and b is infinite then it means that inf (), = 0 and so all z;; > 0.
Then ¢ > 0 and in case when there is at least one individual at risk with non-zero
k-th covariate, it becomes strictly positive: € > 0. The case when there are no such
individuals is not considered since in this case it is impossible to estimate ay; from
the data.

Similarly, if @ is infinite and b is finite, € < 0.

The case of both a and b infinite is impossible since €2, contains non-zero values
and so ether infQ, < 0 or sup€2;, > 0 or both this conditions are satisfied. This

implies that at least one of a and b is finite.
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In the case of ¢ = 0, the function f,, () is just the exponent and so the correctness
of the stated in this proposition statements is obvious.
In the case of ¢ # 0 we study the behaviour of function f,, () using its logarithm

transformation:

Y(x) = Inf,,(z) = Zln |z + ¢s| — e, (B.2.14)
s=1

Vi) = ) L. (B.2.15)
Vix) = —Z;. (B.2.16)

The second derivative is always negative, so the function ¢ (x) is strictly concave
and therefore it can have at most one extremum which should be maximum. Then
the stated cases of function behaviour are obvious.

Now, consider the behaviour of modified Newton-Raphson algorithm.

If both a and b are finite, then setting . = a and U = b will provide that the
algorithm returns a value between a and b.

Consider now the case when a is finite and b is infinite.

The coefficients ¢, all satisfy ¢, > —a > 0 and so x + ¢, > 0. Then the function

Y’ (x) is positive near x = —¢,,;,, and negative at infinity:
lim ¢'(z) =400 >0, (B.2.17)
.'L'*)*C;;in
lim ¢'(z) = —¢ < 0. (B.2.18)
T—r—+00

Since v¢/(z) is continuous for x > —c¢,;, there exists a point where ¢'(z) = 0. Since

the function is concave, the Newton-Raphson algorithm will converge to this point,
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and so our modified Newton-Raphson algorithm will converge to this point or will
approach a if this point is less than a.

The case of infinite a and finite b is symmetric.

Since the case when both a and b are infinite is impossible, we conclude that the

statement of the proposition about the Newton-Raphson algorithm is true. 0

3. Frailty full conditional distribution

PrOOF OF PROPOSITION [4.7l The full conditional distribution of the frailty w;;
given all other parameters can be obtained by extracting all the terms containing wy;

from the posterior distribution given by the formula (2.3.6). Thus it is proportional

to:

7 (wiy | Ny, e, wijz, 07, D)

p
X H ()\] + Z QjZikj + wlj> exp (—Rél)wlet])

ieé‘jﬂSl k=1

1
X exp (—ﬁml(wm — wlj)Q)
J

P
x I {wlj > =\ — Zmin {ozkj inf Oy, ayj sup Qk}} , (B.3.1)

k=1

where §; is the set of all individuals which belong to the [-th group, Rg»l) = i s Bij is

the proportion of time the individuals in [-th group are at risk in the interval (¢,_1, t;].
This distribution has the following form:

- 1 (v — po)®
Jun; () = (H(m + cs)> o exp (—T> I{a; <z <bi}, (B.3.2)

s=1
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where the power of the polynomial is ¢ = card(€; N'§;), and the limits a; and b; are

the following:

P
ap = —\j— Zmin {akj inf Qy, ay; sup Qk} , (B.3.3)
k=1

The parameters iy and 9 of this distribution are computed as:

02

o = EJZRgl)Atj—kwlj, (B.3.5)
2

& = ﬁ. (B.3.6)
my

O

PRrROOF OF PROPOSITION 4.8 Expanding the product and applying the trans-

formation x = = we obtain the following distribution:

2

q 1 y
fy(y) (; dfyf) \/ﬂexp (—5) [{a <y<b}, (B.3.7)

where the coefficients of the polynomial are changed in accordance with expansion
and transformation, and the constraints a; and b; are changed to a = ‘”g—“o and
b= blTT“O respectively.

This distribution is very similar to constrained normal. So normal distribution
can be used as proposal. We take normal proposal with mean equal to the mean
of the distribution in equation and variance adjusted to fit the shape of this
distribution.

In order to obtain the mean, we need to find the normalizing constant first. It can

be obtained by integrating the function given by formula (B.3.7)). It is straightforward
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if we know the integrals of the form:

I; = /ab \/LQ_Wyf exp (—y;> dy, f=0,1,2,... (B.3.8)
For f =0 and 1 this integral will be:
boq y?
Iy = /a o exp (_E> dy = ®(b) — P(a), (B.3.9)
w [ e ()= [ (Gmee (5))
= —e(w)|, = pla) ~ o(b). (B.3.10)

where ®(y) and ¢(y) are the CDF and pdf of the standard normal distribution,
respectively.

Now Z¢ can be found recursively for all f =2,3,...

= —ylexp | —= = — ——exp | —=
et U)LY S E T T
b 2
_ b I Yy
= —y/ 1so(y)l,ﬁ(f—l)/ —myf Zexp (—7) dy

=a’ " o(a) — b p(b) + (f — I 2. (B.3.11)
Then the normalizing constant for the function given by equation (B.3.7)) is simply:
q
Copm = > dsTy. (B.3.12)
£=0

So, the exact expression for the fy(y) in (B.3.7) is the following:

2
< ‘]{Zodfyf) \/szﬂexp <—%> I[{a <y<b}

fr(y) = (B.3.13)
2 j—0dsLy
The mean of this distribution can be found similarly:
q
_ 2o BT (B.3.14)

py = =L
> 0 dsZy
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The mean of the f,, (7) can be found by back-transformation to x as:
W= Oy + fo (B.3.15)
The normalizing constant for f,, (r) can be found by back transformation as well:

Cnm"m CY

norm

5 (B.3.16)

O

PROOF OF PROPOSITION [£.9] The log-transformed pdf and its derivatives have

the following form here:

Y(z) = Infy,(z Zln T+ cg) _ ;;;w : (B.3.17)
/ - 1 L — Ho
V() = - : (B.3.18)
321 T+ c 02
Vi) = =Y (B.3.19)
- s=1 (z+c)? 6% -

The second derivative is always strictly negative, so if the extremum exists, it is
the only extremum which function ¢ (z) can have and it is maximum.

Using the fact that:

lim Y (z) = 400 >0, (B.3.20)
T—— C'Inln

lim ¢'(z) = —00 <0, (B.3.21)
T—+00

and that ¢'(z) is continuous in & > —¢yin, Where ¢, = ming<s<,{c;} and we assume
that ¢, = +o0if ¢ = 0, we get that extremum always exists (if ¢ = 0 this is the usual
maximum of normal distribution at y). So our modified Newton-Raphson algorithm

will converge to this extremum or to the limit a; if extremum is less than this limit.
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So the algorithm will not tend to infinity and we do not need the upper limit and can

simply use U = +4o00. O



APPENDIX C

Modified Newton-Raphson Algorithm for Finding the
Extremum in an Open Interval

The original Newton-Raphson algorithm consists in producing the sequence of

points x, which is expected to converge to the extremum:

wl(xrfl)

RS .S C.0.1
w//<xr71) ( )

Ty = Tpr_1 —

where the initial value z is chosen arbitrary but such that it provides the convergence
of the algorithm, and the number M is chosen such that the consecutive points or
the values of function at these points become sufficiently close to each other. We will

use the closeness of points as the criterium of choosing M:
M =min{r > 1: |z, — z,_1| < 6}, (C.0.2)

where 0§ is a prespecified value representing the desired accuracy.

This algorithm attempts to solve the equation ¢’(z) = 0 the solution of which is
expected to be the desired extremum.

Note that this algorithm does not suppose any constraints on x. So in order to
solve the optimization problem in a particular region we need to modify this algorithm
not allowing z, to take values outside that region. Also since the ending points can

contain singularities we do not allow x, to reach them as well.
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C. MODIFIED NEWTON-RAPHSON ALGORITHM FOR FINDING THE EXTREMUM IN AN OPEN INTERVAR

So, we propose the following modified algorithm of finding the extremum in the

opened interval (L, U):

x,(no), if L < :cﬁo) <U,

t=S ¢+ (1-QL, izl <L, (C.0.3)
(o +(1=QU, if2” >,

where 2* is the value obtained using the regular Newton-Raphson formula ,
¢ is some value from the interval (0,1) and the limits L and U satisfy the condition
—o00 < L < U < 00, i.e. the upper bound is strictly greater than the lower and any or
both of them can be infinite. We choose the value ( to be 0.01 which does not allow
x, to reach L or U but allows it to come very close to them if the Newton-Raphson
method attempts to take the next value outside the interval (L, U).

Also we limit the maximum number of iterations by some value M4, (which is
chosen to be 500) to avoid the possible infinite cycle.

In the case of zero second derivative or undefined first or second derivative at some
iteration, the algorithm stops and returns the last found value. This applies also to
the case when the second derivative is zero at the initial point x.

Note that our modified Newton-Raphson algorithm does not guarantee that the
extremum is found. Particularly in the case of non-existence of extremum in the
interval or existence of several extrema. But it is worth mentioning, that the algorithm
produces some well-defined value of x in a finite number of steps for any input, i.e.
for any function ¢ (x) and any initial value z¢ € (L,U), and ensures that this value
belongs to the interval (L, U). This is a very important property of the algorithm in

our application.



APPENDIX D

Results of Simulations

F1GURE 7. Estimated parameters for number of observations N = 100,
number of breakpoints m = 1 and number of iterations I = 100

Baseline Regression function 1 Regression function 2
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Fi1GURE 8. Estimated parameters for number of observations N = 100,

D. RESULTS OF SIMULATIONS

number of breakpoints m = 1 and number of iterations I = 500
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F1GURE 9. Estimated parameters for number of observations N = 100,

number of breakpoints m = 1 and number of iterations I = 1000
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D. RESULTS OF SIMULATIONS

FiGURE 10. Estimated parameters for number of observations N =
100, number of breakpoints m = 1 and number of iterations I = 5000

Baseline Regression function 1 Regression function 2
H gz
&
T T T T T T T T T T T T T T T T T T
00 02 04 06 08 10 00 02 04 05 o8 10 00 02 04 06 08 10
t t t
Fraity 2 Fraity 3 Fraity 4 Fraity 5

95



Faity2

D. RESULTS OF SIMULATIONS

FiGURE 11. Estimated parameters for number of observations N =
100, number of breakpoints m = 5 and number of iterations I = 100
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FIGURE 12.

Estimated parameters for number of observations N =

100, number of breakpoints m = 5 and number of iterations I = 500
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D. RESULTS OF SIMULATIONS

FiGURE 13. Estimated parameters for number of observations N =
100, number of breakpoints m = 5 and number of iterations I = 1000
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FiGure 14. Estimated parameters for number of observations N =
100, number of breakpoints m = 5 and number of iterations I = 5000
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FiGURE 15. Estimated parameters for number of observations N =
100, number of breakpoints m = 10 and number of iterations I = 100
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FIGURE 16. Estimated parameters for number of observations N =
100, number of breakpoints m = 10 and number of iterations I = 500
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FiGURE 17. Estimated parameters for number of observations N =
100, number of breakpoints m = 10 and number of iterations I = 1000
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Ficure 18. Estimated parameters for number of observations N =
100, number of breakpoints m = 10 and number of iterations I = 5000
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FiGURE 19. Estimated parameters for number of observations N =
100, number of breakpoints m = 50 and number of iterations I = 100
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FiGURE 20. Estimated parameters for number of observations N =
100, number of breakpoints m = 50 and number of iterations I = 500
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FiGURE 21. Estimated parameters for number of observations N =
100, number of breakpoints m = 50 and number of iterations I = 1000
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Ficure 22. Estimated parameters for number
100, number of breakpoints m = 50 and number

of observations N =
of iterations I = 5000
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FiGURE 23. Estimated parameters for number of observations N =
1000, number of breakpoints m = 1 and number of iterations I = 100
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FIGURE 24. Estimated parameters for number of observations N =
1000, number of breakpoints m = 1 and number of iterations I = 500
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FiGURE 25. Estimated parameters for number of observations N =

1000, number of breakpoints m = 1 and number

of iterations I = 1000
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FIGURE 26.

Estimated parameters for number of observations N =
1000, number of breakpoints m = 1 and number

of iterations I = 5000
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of observations N =
of iterations I = 100

F1GURE 27. Estimated parameters for number
1000, number of breakpoints m = 5 and number
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FIGURE 28. Estimated parameters for number
1000, number of breakpoints m = 5 and number
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FI1GURE 29. Estimated parameters for number of observations N =
1000, number of breakpoints m = 5 and number of iterations I = 1000
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Ficure 30. Estimated parameters for number of observations N =
1000, number of breakpoints m = 5 and number of iterations I = 5000
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FiGURE 31. Estimated parameters for number of observations N =
1000, number of breakpoints m = 10 and number of iterations I = 100

Fi1GURE 32. Estimated parameters for number of observations N =
1000, number of breakpoints m = 10 and number of iterations I = 500
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FiGURE 33. Estimated parameters for number of observations N =
1000, number of breakpoints m = 10 and number of iterations I = 1000
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FiGure 34. Estimated parameters for number of observations N =
1000, number of breakpoints m = 10 and number of iterations I = 5000
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FiGURE 35. Estimated parameters for number of observations N =
1000, number of breakpoints m = 50 and number of iterations I = 100
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FI1GURE 36. Estimated parameters for number of observations N =
1000, number of breakpoints m = 50 and number of iterations I = 500
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FiGURE 37. Estimated parameters for number
1000, number of breakpoints m = 50 and number
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Ficure 38. Estimated parameters for number
1000, number of breakpoints m = 50 and number
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FiGURE 39. Estimated parameters for number of observations N =
10000, number of breakpoints m = 1 and number of iterations I = 100
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F1GURE 40. Estimated parameters for number of observations N =
10000, number of breakpoints m = 1 and number of iterations I = 500
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FIGURE 41. Estimated parameters for number

10000, number of breakpoints m = 1 and number

of observations N =
of iterations I = 1000

FiGURE 42. Estimated parameters for number of observations N =
10000, number of breakpoints m = 1 and number of iterations I = 5000
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Fi1GURE 43. Estimated parameters for number of observations N =
10000, number of breakpoints m = 5 and number of iterations I = 100

FIGURE 44. Estimated parameters for number of observations N =
10000, number of breakpoints m = 5 and number of iterations I = 500
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F1GURE 45. Estimated parameters for number
10000, number of breakpoints m = 5 and number

of observations N =
of iterations I = 1000

Baseline Regression function 1 Regression function 2
"""""""""""" @ P e,
T
00 02 04 06 08 10 00 02 04 05 o8 10 00 02 04 06 08 10
»»»»»»» 2 aity 3 ity's

FiGURE 46. Estimated parameters for number
10000, number of breakpoints m = 5 and number

of observations N =
of iterations I = 5000
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FIGURE 47. Estimated parameters for number of observations N =
10000, number of breakpoints m = 10 and number of iterations I = 100

FIGURE 48. Estimated parameters for number of observations N =
10000, number of breakpoints m = 10 and number of iterations I = 500
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FIGURE 49. Estimated parameters for number of observations N

10000, number of breakpoints m = 10 and number of iterations I =
1000

Fi1GURE 50. Estimated parameters for number of observations N =
10000, number of breakpoints m = 10 and number of iterations I =

5000
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FiGURE 51. Estimated parameters for number of observations N =
10000, number of breakpoints m = 50 and number of iterations I = 100

Baseline

FIGURE 52. Estimated parameters for number of observations N =
10000, number of breakpoints m = 50 and number of iterations I = 500
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F1GURE 53. Estimated parameters for number of observations N

10000, number of breakpoints m = 50 and number of iterations I =
1000

F1GURE 54. Estimated parameters for number of observations N

10000, number of breakpoints m = 50 and number of iterations I =
5000
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