6. Implementation of Bayesian inference

Objective

To introduce the main numerical methods that can be used to evaluate the
integrals necessary in many Bayesian problems. In particular, we concentrate
on MCMC and Gibbs sampling approaches.

Recommended reading

e Wiper, M.P. (2007). Introduction to Markov chain Monte Carlo simulation.
In Encyclopedia of Statistics in Quality and Reliability, Wiley, pp 1014—
1020.



Introduction

We have seen that numerical procedures are often needed in Bayesian inference
for the computation of the posterior distribution

_ f(x|0)p(0)
POR) = 5 10)p(6) a6

and for the computation of posterior moments, predictive distributions etc.
The different techniques which might be applied are as follows:

e Numerical integration,
e Gaussian approximations (considered in chapter 8),

e Monte Carlo approaches:

¢ direct methods,
¢ via Markov chains.



Numerical integration

Many numerical integration techniques have been developed. See for example
Ausin (2007) or the Wikipedia

http://en.wikipedia.org/wiki/Numerical_integration

for fuller reviews.

One of the simplest approaches is Stmpson’s rule. Supposing that we wish to
evaluate the (one dimensional) integral

I = /abg(a?) dx,

in its most simple form, Simpson's rule suggests approximating the integral

o I - - [g(a) +4g (a ; b) +g(b)] -




This approximation can be improved by subdividing the interval [a,b] into an
even number, say [V, subintervals

la,a+h)U---Ula+ (N —1)h,a+ Nh =b|.

Using Simpson's rule in each subinterval [a + jh,a + (j + 2)h) leads to the
final estimate

h

I = g[g(a)—l—élg(a—I—h)—|—29(a—|—2h)—|—---
+2g(a + (N —2)h) +4g(a+ (N —1)h)+
+g(a + Nh)]|.

Suppose that we wish to estimate the constant of a beta density, X ~ B(7,10),
with density function

m(x) o 2°(1 —2) for 0 <z < 1.



We shall try to estimate the beta function, B(7,10) fo (1 — x)%uz,
using Simpson’'s rule.  Setting h = 0.1, we find the foIIowmg table:

0 051 —0)°  []¢°(1—¢)° do

.0 0.00000E — 00  0.00000F — 00

1 3.87420F — 07

2 858994F — 06  3.37987FE — 07

3 2.94178E — 05

4 4.12783E — 05 5.92263F — 06

5 3.05176E — 05

6 1.22306FE — 05 1.17753F — 05

7 2.31568E — 06

8 1.34218E — 07  1.24962F — 05

9 5.31441F — 10

1.0 0.00000E — 00 1.25007FE — 05

The true value of the integral is B(7,10) = 1.24875F — 05. Using Simpson's
rule with A = 0.05 gives the result 1.24876F — 05.



An improvement on Simpson's basic rule is the adaptive Simpson'’s rule, which
does not fix the number of subintervals a priori, but instead, continues to
subdivide the intervals until the estimated error reaches a given tolerance.



Alternative approaches and problems

Other rules have been designed which take into account the form of the
integrand. For example, Gaussian quadrature approaches use an approximation

I = / g(x) dx ~ szg(xz)

where the points x; are determined as the roots of a class of orthogonal
polynomials.

The main problem with numerical integration approaches is the curse of
dimensionality. As the dimension of the integral increases, the number of
function evaluations necessary to achieve a given tolerance increases very
rapidly. Thus, in general, such methods are not employed for higher than two
or three dimensional integrals.



Monte Carlo approaches

We have seen the basic Monte Carlo method earlier in chapter 3. Suppose that
we have X ~ 7 and that we wish to estimate the mean of some functional
FElg(X)]. Then given a sample, x, of size n from 7, we can estimate

9(x) = 3 () ~ Elg(X)].

When E[g?(X)] exists, then we can estimate the sample variance using
|
2 _
Vig(X)) = [ (9@) = BlgCO)? % 5 (o) ~ 90)*
i=1

In many cases however, there is no straightforward way of generating a sample
directly from 7. In such cases, two main alternatives have been considered:
importance sampling and rejection sampling.



Importance sampling

Suppose that sampling from 7 is complicated. Suppose instead that we can
easily sample from another density, say f. Now we can write the expected
value of g(X) (under ) as

EJg(X)] = / o)

where w(X) = W%; Thus, we can approximate the expectation by generating

a sample of size N from f and using

1 w(xz)g(:cz) where ’U]([L‘Z) — 7T<x’6)

forte=1,...,N.



Furthermore, if the density 7 is known only up to an integration constant, C,
then we can extend the approximation to give

S wi@)gla;)

where the denominator (divided by V) is an approximation of C.

Erlg(X)] =~

In general, the choice of importance function, f, will strongly influence the
efficiency of this algorithm. One should first note that the variance of the
importance sampling estimator of E|g(X)] is finite only when the expectation

dxr < o0.

This implies that we cannot choose importance functions with lighter tails than
7. In the Bayesian context, where we often wish to estimate various posterior
expectations, then an efficient importance function will be similar to the true
posterior, but with heavier tails.



Consider Example 47 where we have X ~ B(7,10) so that 7(z) o< 2°(1 — x)°,
and suppose that we wish to estimate the beta function B(7,10) and the

posterior mean
1

B(7.10) /0 (1 —x)° dx.

One possibility is to use importance sampling with a uniform importance
function. In this case, we have importance weights

F[X] =

w(x) = @ = 2%(1 — 2)”

and given a uniform sample of size IV, we can estimate Z,fil w(zx;) ~ B(7,10)

N
d Zizl xz’w(%) ~ FEIX].
METN w(ay) X]

This is easily programmed in Matlab




Given an importance sample of size N = 1000, the beta function was estimated
to be 1.2779E — 005 (true value 1.24875F — 005) and the posterior mean was
estimated at 0.4044 (true mean 0.4118). In this example, sample sizes of over
100000 are needed to achieve more than 3 figure accuracy.



Problems

One problem with this approach is that if the importance function is not similar
to m (or |g| x ) so that the centre of 7 (or |g| x 7) is in the tail of the
importance function, then this can lead to many of the importance weights
being very small and thus, the integral estimates may be largely determined by
a very small number of data.

A second problem is that the importance sampling method does not provide a
sample from 7. This can be remedied by using sampling importance resampling
(Rubin 1987).



The SIR algorithm

One way of obtaining an approximate sample from 7 is by subsampling.

If the weights, w(x;) are normalized so that we define

Zf;i1 w(w;)

w; =

then we can generate an approximate sample, X, of size M < N from 7 by
setting T; = x; with probability w; fori=1,...,Nand j=1,..., M.

The following diagram shows the data simulated using a resample of size 1000
from an importance sample of size 10000.
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The rejection algorithm

As with standard Monte Carlo, we assume we wish to generate a sample from
m(x), which is known only up to a constant. Then the rejection approach
chooses to generate data from a proposal distribution, A(x), such that

m(x) < Mh(x)

for some given M > 0. The algorithm proceeds as follows.

For 1=1,...,N:

1. Generate z; ~ h,

2. Generate u; ~U(0,1),

3. If Mu;h(x;) < n(Z;) set x; = ;.

4. Otherwise, repeat from step 1.



Proof that this algorithm generates a sample from 7

Consider P(X < c¢), where X is generated from this algorithm. We have:

P(X<¢) = P()N( <clU < W(X)/(Mh(X))) where X ~ h and U ~ 1/(0,1)

P(X<eU< W(X') /(MR(X)))

p (U < ( Mh(X')))

- dx
= f_oo ml ) = P(X < ¢) where X ~ 7.

J oo (@) da




This algorithm clearly reduces to standard Monte Carlo sampling when h = 7.
Otherwise, as with importance sampling, it is necessary that the tails of the
proposal distribution are thicker than those of .

The main problem with this approach is finding a good proposal distribution so
that only a small number of candidates are rejected. Note that the probability
of accepting a draw (assuming that 7 is properly scaled to integrate to 1) is

7 ~) oo m(3)/(Mh(Z)) .
P <U < W) /—oo/o h(Z) dudz
Tom(@) o
/_oO Mh(:fc)h(x) dz
1

M

so that we would like M to be as close to 1 as possible.



Suppose that we wish to simulate from a truncated normal distribution X ~
TN(0,1) where X > a > 0. One way to do this would be to sample directly
from the A(0,1) density and simply reject those values that fall below «.
However, this method could be very inefficient if « is large. In this case, an
alternative is to use a shifted, exponential distribution

h(z) =Xe @7 forz > a

as an envelope function. (More sophisticated algorithms are proposed by
Geweke (1991) and Robert (1995).)



22

Writing the normal density as 7(z) = ce™ Z, where £ = /27 (1 — ®(a)), then,

C_

% _ ;exp(_fgm(x—a)) for = > a

< ;exp (max [—%2 + Mz — a)D

>

= Mi(M)I(A > a)+ My(A)I(N<«) where I is the indicator and

2
Mi(\) = %exp (% — ()z)\)
C Oé2
MQ()\) = Xexp (—7)

To get the most efficient routine we should choose A to minimize this function.
However, it is simpler to minimize only Ms. This gives A = «.



In this case, the probability that a generated candidate, = is accepted is

~

m(Z)
h(z) Mo

o) = P (—%(:7;2 + o) + o@) .

The following is the fitted distribution when o = 3. Only 86 out of 1000
proposed values were rejected. We can see that the fit is very good.
The probability of accepting a value generated from an untruncated normal
distribution is only 0.0013.
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Envelope methods

These are refinements of the basic algorithm based on bounding the target
density from above and below. Suppose that we can find a proposal density h
and a (non-negative) function g such that

g(x) <m(x) < Mh(x) for all z.

Then, the following algorithm generates a variable, X, with distribution 7.

~

1. Generate X ~h and U ~U(0,1).

~

9(X) _

3. Otherwise, let X = X if U < Z&L

4. Otherwise, repeat from step 1.



The advantage of this algorithm is that the number of necessary evaluations
of m are reduced, and instead, we often only need to evaluate the (simpler)
densities, g and h. The probability that m does not have to be evaluated is
-+ [ g(z) dz which reflects the potential gain in using this approach.

One particular case that allows for the simple construction of bounding
functions is when the density, m, is log concave.

A density f(x) is said to be log concave if aa—;f(x) <0V

Most exponential family densities are log-concave. For example, if X6 ~
2
N(6,1), then 2 f(z]6) = —1.



Adaptive rejection sampling

This algorithm developed by Gilks (1992) and Gilks and Wild (1992) gives
a general method of constructing the bounding functions g and A when the
target density, m, is log concave.

Suppose that 5,, is a set of points x; for : = 0,1,...,n + 1 in the support of
7 such that log w(x;) is known up to the same constant. As log 7 is concave,
then the line L; ;41 going through (x;,logm(x;)) and (z;y1,logm(ziy1)) lies
below the graph of log7m in (x;,z;11] and lies above the graph outside
this interval. Thus, for the interval (z;,7;41], we can define ¢,(z) =
min Li—l,z‘(fC), Li—l—l,i—|—2(x) and g/bn(.fl?) = Li,i—l—l(x) which bound log . Defining

H,(x) = exp(¢p,(x)) and g,(z) = exp(¢ (x)), we have

gn(x) < m(x) < Hy(z) = Myhy,(x)say

where h,, is a density function.



An advantage of this approach is that if a generated value is rejected, it can
then be added to the set S,, which improves the bounds on 7 at the next step.
This leads to the following generic algorithm.



The ARS algorithm

1. Initialize n and S,.

~

2. Generate X ~ h, and U ~U(0,1).

~

3. If U < go(X)/hn(X) then set X = X.

~ ~ ~

4. Otherwise, if U < n(X)/(M,h,(X), set X = X.

5. Otherwise, set n=n+1, S,11 = SnUX and repeat from 2.

The big advantage of this algorithm is its universality. As long as 7 is known
to be log concave, it can always be used.



MCMC methods

As simple Monte Carlo algorithms are not always straightforward to implement,
another alternative is to use algorithms which generate approximate Monte
Carlo samples. The most popular approach is Markov chain Monte Carlo or

MCMC which samples from a Markov chain whose limit distribution is the
distribution from which we wish to sample.



Markov chains

A Markov chain, { X}, is defined to be a sequence of variables, X, X1, Xo, ...,
such that the distribution of X; given the previous values Xy,..., X;_1 only
depends on X;_1, so that

P(Xi € AlXo =0, X1 =21,...,Xt1 =x4-1) = P(X; € A|X41 = x4-1)

for all A,Zl?l, e s L1

Most Markov chains that we deal with are time-homogeneous, that is
P( Xy € Al Xy =2) = P(X; € A|Xg=12) for any k.
A simple example of a time-homogeneous Markov chain is a random walk

X=X 1+¢ wheree ~ N (O, 02)



It is clear that a time-homogeneous Markov chain is completely defined by the
initial state, X, and by the transition kernel,

P(z,y) = P(Xi41 = y| Xy = 2).

For most problems of interest, the Markov chain will take values in a continuous,
multivariate state space. However, we shall assume initially that the state space
is finite and countable, so that we can assume that X; € {1,2,...,k} for some
k.

In this case, we can define the t-step transition probabilities
pi;j(t) = P(X; = j| Xo = 1)

and then, we can consider the conditions under which these probabilities
converge, i.e. that
pij(t) — m(j) ast— oo.



A Markov chain is said to be irreducible if for every 7, 5, there exists some ¢
such that p;;(t) > 0.

Irreducibility implies that it is possible to visit every state in the chain starting
from any initial state.

A state, 7, of a Markov chain is said to be recurrent if return to state 7 is
certain, that is if we define 7; to be the number of steps needed to return to
state 7, then P(7; < co) = 1. A recurrent state is further said to be positive
recurrent if the expected return time is finite, so that E[r;] < oo.

The period of a state, i, is defined to be d(i) = ged{t : p;;(t) > 0}. A state
with period 1 is said to be aperiodic.

It can be shown that if any state of an irreducible chain is positive recurrent,
then all states are and also that all states in such a chain have the same period.



The equilibrium distribution of a Markov chain

For an irreducible, positive definite, aperiodic Markov chain with t step
transition density p;;(t), then a unique equilibrium distribution 7 exists so that

for all 7, g,

t— o0

It can be shown that a sufficient condition for the existence of a unique
stationary distribution is reversibility. A Markov chain with transition
probabilities p;; = P(Xy4+1 = j|Xi = i) is said to be reversible if there
exists a probability density 7w that satisfies detailed balance, so that for any
1, 7, then

pigm (i) = pjim ().



Markov chains with continuous state space

It is possible to extend the previous arguments to Markov chains with a
continuous state space, although the conditions for the equilibrium distribution
are slightly more technical, see e.g. Robert and Casella (2004). In this case,
given a transition kernel, P(x,y), then a stationary distribution © must satisfy

ﬂwzfpmmﬂmm.

From a Bayesian viewpoint, the objective of the MCMC approach is thus to
construct a Markov chain with a given stationary distribution 7 which is the
Bayesian posterior distribution.



The Metropolis Hastings algorithm

Metropolis

This is a general algorithm for constructing a Markov chain and was introduced
by Metropolis et al (1953) and extended by Hastings (1970). The general
algorithm for generating a chain with equilibrium distribution 7 is as follows:



The algorithm

. Given the current value, X; =, generate a candidate value,
y, from a proposal density q(y|x).

. Calculate the acceptance probability

a(x,y) = min {1,
. With probability «(x,y) define X;i; = y and otherwise reject

the proposed value and set X;, | ==x.

. Repeat until convergence is judged and a sample of the desired
size 1s obtained.



Why does this algorithm work?

The transition kernel of a move from x to y is

Pla,y) = ale.alyle) + (1 [ ate)alolo)dy) .

where ¢, is the Dirac delta function at x.

Now, it is easy to show that

m(z)q(y|r)a(z,y) = m(y)q(z|y)a(y, x)

and that

(1- [ oo i) 5. = (1- [ atv. ot ) 5,



This implies that we have detailed balance

m(x)P(z,y) = 7(y)P(y, z)

so that 7 is a stationary distribution of the chain.

It is important to notice that the Metropolis Hastings acceptance probability
only depends on pi through the ratio 7(y)/mw(x). This is particularly useful
in the Bayesian context, when the form of the posterior distribution is usually
known up to the constant of integration.

Also note that when the proposal density ¢(y|z) = 7(y), then the Metropolis
Hastings acceptance probability is exactly 1 and the algorithm is the same as
standard Monte Carlo sampling.



Choosing a proposal density

One might expect that the Metropolis Hastings algorithm would be more
efficient if a(xz,y) was high. Unfortunately, this is not usually the case. In
Roberts et al (1997), it is recommended that for high dimensional models, the
acceptance rate for random-walk algorithms (see later) should be around 25%
whereas in models of dimension 1 or 2, this should be around 50%.

However, general results are not available and the efficiency of a Metropolis
Hastings algorithm is usually heavily dependent on the proposal density ¢(y|x).



The independence and Metropolis samplers

The independence sampler defines a proposal density q(y|z) = q(y)
independent of x. This will often work well if the density ¢ is similar to
m, although with somewhat heavier tails, similarly to the Monte Carlo rejection
sampler.

Another alternative is the Metropolis (1953), sampler which has the property
that ¢(x|y) = q(y|x). One small advantage of this approach is that the
acceptance probability simplifies down to the

Oé(%, y) — —)

A special case is the random walk Metropolis algorithm which assumes that
q(y|x) = q(ly — x|). For example, in univariate problems, one might consider
a normal proposal density q(y|x) = /\/'(:1:,02) where the value of o can be
adjusted to achieve an acceptable acceptance rate.



Example

Suppose that we observe a sample of size n from a Cauchy distribution,
X160 ~C(0,1), that is

1
f(x\é’)zﬂ(1+(x_9)2) for —oo < <

Given a uniform prior for 8, then the posterior distribution is

= 1
p(0]x) 1:[1 N p—rI2

One way of sampling this distribution is to use a random walk Metropolis
algorithm. We could use a Cauchy proposal density, 6|0 ~ C(6,0), so that




The scale parameter, o, can be adjusted to achieve the desired acceptance
rate.

In this case, the probability of accepting a proposed value, 0 given the current

value, 6, is
. | . — )2
a(9,0) = min{ 1, ] @ =0" 1
14 (x; —0)?

1=1

As an alternative, an independence sampler could be proposed. In this case, we
might assume a Cauchy proposal distribution, 8 ~ C(m, 7), where the location
parameter, m, is the sample median. In this case, the acceptance probability is

(
n

(QN )2\
g2l (=
min < 1,1_[1—|_(xZ 9)

Srl (-0 1 4

\ /




A sample of 10 data were generated from a Cauchy distribution, X ~ C(1,1),
with the following results:

—5.1091 —-0.7651 0.9261 1.0232 1.1669
1.2702 2.4846 2.5375 3.3476 3.6066

X =

Both the random walk sampler (with ¢ = 0.3) and the independence sampler
(with 7 = 0.5) were run for 10000 iterations, starting from the sample median.
For the random walk sampler, 66.7% of the proposed values were accepted
and for the independence sampler, around 52% of the proposals were accepted.
The samplers took a few seconds to run in each case.

Kernel density estimates of the posterior density of 6 given a uniform prior are
given in the following diagram.
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The estimated density function is approximately the same in each case.



Block Metropolis Hastings

When the dimension of X is large, then it can often be difficult to find a
reasonable proposal density. In this case, it is sensible to divide X into blocks,
say X = (Xq,...,Xg) and construct a chain with these smaller blocks.

Suppose initially that X = (X3, X5) and define two proposal densities
q1(y1|T1,T2), q2(y2|r1, x2) to generate candidate values for each component.

Then, define the acceptance probabilities

aa(oles) = win {1, T 2
m(@1|v2)qn (yilay, 22)

as(To,yo|lry) = min {1’ m(y2|x1)q2(x2|z1, Y2) }
m(@2|21) g2 (2|1, 72)

where the densities w(x1|r2) and 7w(xs|z1) are the conditional densities and
m(x1|xs) o< (1, 22).

The algorithm now proceeds by successively sampling from each block in turn.



The slice sampler

The slice sampler (Neal 2003) is an attractive approach when the state space
is relatively low dimensional. The general algorithm for sampling from 7 is

1. Given a current value, X;, simulate Ui ~ U0, 7(X¢)].

2. Simulate Xi41 ~U[Aty1], where Aiyy ={x:7w(x) > Uiyq}.

It is clearly unimportant whether the constant of integration is known or not.



Example

Suppose that we wish to sample from an exponential density X ~ £(X). Then,
we know that 7(z) oc e™** and a slice sampler could proceed as follows.

1. Given X,;, generate U; 1 ~U [O,e_’\””t].

2. Generate X;yi1 ~U [O, —%log Ut+1} :

The following diagram illustrates the results of 10000 iterations when \ = 2.
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The final diagram illustrates how the chain moves.
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Gibbs sampling

We have seen Gibbs sampling previously in chapter 3. If we assume that X =
(X1,...,X}) has joint distribution 7 and that the conditional distributions
;i (X;|X ;) are all available, where X 1 = (x1,..., X;_1, X;11,...,X) then
the Gibbs sampler generates an (approximate) sample from 7 by successively
sampling from these conditional densities. Thus, assuming that the current
values are x;, then the algorithm is the following

1. Generate Xj 41 ~ m1(+|xX—14)-

2. Generate Xo ;1 ~ To(:|T1 441,345 Tk t) -

4. Generate Xp ¢ ~ Tr(+|X—k t+1)



We can note that Gibbs sampling is a particular version of block Metropolis
Hastings algorithm where the proposal distribution for X, is exactly the

conditional distribution 7;(X;|X_1) so that the acceptance probability is
always equal to 1.

Gibbs sampling can be applied in a remarkably large number of problems.



Example

Suppose that the lifetime (in hours) of a machine, Y, has normal distribution so
that Y|X =2 ~ N(x,1) and that we observe n machines during « hours. If,
at the end of this time, n; machines have failed, with failure times y1,...,yn,
and ny = n — nq, machines are still working, then the likelihood function is

nq

l(aly) o< exp (—oH(@ = 71)?) (1 - @ (0 — )™

where §; = nil > ot yi. Thus, an explicit form for the posterior of z (supposing

a uniform prior) is unavailable.

However, suppose that we knew the true values of the latent variables,
Y41 = Yni+1,---, Yn = Yn. Then it is clear that X|y ~ N(g, %) where

Yy = % 2?21 Yi-



Also, for i =ni; +1,...,n, we have V;| X = 2,Y; > a ~ TN (z,1) truncated
onto the region Y; > «. Therefore, we can set up a simple Gibbs sampling
algorithm to estimate the posterior density of x as follows.

1. Set t =0 and fix an initial value xzg.

2. For 1=n1+1,...,n, generate y,;; ~ TN(xt, 1).
— 1 nq n
3. Calculate ¥; = = (Zizl Yi+ 2 ien, 41 yi,t) :
_ 1
4. Generate w11 ~ N (U, 5).

5. t=t+1. Go to 2.



Wiper (2007) considers a sample of 20 normally distributed lifetimes with mean
p and standard deviation 5, (Y| X = x ~ N(x,25)), where 14 data less than
5 are observed completely and have mean 0.94 and the remaining 6 data are
truncated so that it is only known that they take values greater than 5 and
a uniform prior distribution for x is assumed. The following diagram shows
a histogram of the values of x generated from 10000 iterations of the Gibbs
algorithm along with a fitted density.
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Universal implementation of Gibbs sampling algorithms

In many cases, the conditional distributions used in Gibbs samplers are log-
concave. In these cases, universal Gibbs samplers can be set up by using the
ARS to sample these conditional distributions.

For non log-concave distributions, the adaptive rejection Metropolis sampler
(ARMS) was introduced in Gilks et al (1995).

These algorithms form the basis of the Winbugs program.

A disadvantage of such universal algorithms is however that they are often
inefficient. It is generally preferable to implement specific algorithms tailored

to the particular problem.



MCMC convergence assessment

When running an MCMC algorithm, it is important to assess when the sampled
values X; have approximately converged to the stationary distribution 7. This
will depend on how well the MCMC algorithm is able to explore the state space
also on the correlation between the X;'s.

Secondly, we need to assess the convergence of MCMC averages, e.g.
%Zle X: — F[X:] and finally we need to be able to assess how close
a given sample is to being independent and identically distributed.

One possibility is to consider running the chain various times with different,
disperse starting values. Then, we could assess the convergence of the chain
by examining when sample means of the functions of interest generated from

each run have converged. Other, formal diagnostics are given in Gelman and
Rubin (1992).

The alternative is to use a single run of the chain.



In this case, we can produce graphs of X; against ¢ to show the mixing of the
chain and any deviations from stationarity. The following diagram from Wiper
(2007) shows examples of badly mixing chains.
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Secondly, we can plot running means of the parameters of interest to see when
they have converged. The following diagram shows the estimates of F|[X|y]
used from running 3 different algorithms for the problem of Example 52.
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It can be seen that the means appear to have converged after about 10000
iterations. Thus, one possibility is to run the sampler for longer, using these

initial iterations as a burn in period.



thirdly, we can plot the autocorrelation functions of the generated values. In
general, as we are generating from a Markov chain, the successive values, X},
will be positively correlated. Thus, if we wish to estimate, for example, the
variance of X, then we must take this correlation into account. The following

diagram shows the ACF of the parameter « in the pump failure problem
analyzed in Chapter 10.
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The autocorrelation has disappeared after about lag 5. One possibility is thus to

thin the sample, choosing just every 5th datum which are now, approximately
independent.



Other algorithms
Reversible jump

This approach (Green 1995) is basically a Metropolis Hasting sampler, which
allows the chain to move over a variably dimensioned model space.

Perfect sampling

This method, developed by Propp and Wilson (1996), uses the idea of coupling
from the past in order to generate an exact MCMC sample from 7, avoiding
the need for converegence diagnostics. See e.g.

http://dbwilson.com/exact/

Particle filtering

This is an alternative approach to MCMC based on importance sampling and

particularly suitable for sequential inference problems. See e.g. Doucet et al
(2000) or

http://en.wikipedia.org/wiki/Particle_filter



Application |ll: Bayesian inference for
the dPIN distribution and the M/G/c/c
loss system
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The boxplots show the times spent (lhs) and times spent below 300 days (rhs)
of patients in a geriatric ward of a hospital.



These data have been analyzed previously using Coxian, phase type distributions
by e.g. Ausin et al (2003). However, the data are long tailed and therefore, a
heavy tailed model should be more appropriate.

Typically, long tailed data are modeled using a Pareto distribution, or a mixture
of Pareto distributions (Ramirez et al 2008a) but although such a model can
capture the tail behaviour, it does not capture the body of the distribution.

The double Pareto lognormal (dPIN) distribution has been recently introduced
as a model for heavy tailed data by Reid and Jorgersen (2004).



Ihe skewed Laplace and double Pareto lognormal distribution:

It is easiest to define the dPIN distribution by starting from the skewed
Laplace distribution.

A random variable, Y is said to have a skewed Laplace distribution with
parameters i, o, «, 3, that is Y ~ SL(u, 0, a, 8), if

e = 22050 (1) (Rtao — (v = /) + R(Bo + (= /o)

for y > 0, where R(y) is Mills’ ratio, that is

_1-9(y)
oy)

R(y)



It Y ~ SL(u,0,a,3) is a skewed Laplace random variable, then we can write
Y=Z+W

where Z ~ N (p,0?), W = Wi — W and Wy ~ E(a) and Wy ~ E().

The conditional distributions of Z|Y =y and W1|Y =y, Z = z are:

Lo (Z—(LH-GQQ))
— I 1—p)2 i I
fZ(Z’y) p (y—(,u—a2ﬁ)> >y T ( p) Be (y—(,u—|-0204)) <y

where

(o)

R(aoc — (y —p)/o) + R(Bo + (y — p)/o)
(a + ﬁ)e—(a+ﬁ)61

= f > 0} .
S (w1 |w) Lo + e~ (@tBw], o or e; > max{w, 0} (2)




Let Y ~ SL(p,0,c,0). Then the distribution of § = exp(Y') is the double
Pareto lognormal distribution and in particular, the mean of S is given by

af e”+072
(@ =1)(6+1)

E[S] =

for a > 1.

The density of the dPIN distribution can be easily derived from the skewed
Laplace density formula.



Bayesian inference for the dPIN distribution

Reid and Jorgesen (2004) consider classical inference for this model using the
EM algorithm. Bayesian inference is examined by Ramirez et al (2008b).

Suppose that we have standard prior distributions:

k
1 a b
oz " 9’(5’5
a o~ g(caada)
a ~ Gl(cg,dg)



Now, if we observe a sample x = (x1,...,x,) from the dPIN distribution,

we can transform the data to y = (y1,...,yn) where y; = logx; and
Yl/’l/70-7a76~8£(u70-7a76)

Clearly, the integration constant of the posterior density p(u, o, a, 8ly) and
the marginal densities, p(uly),...,p(8|y) cannot be evaluated analytically.
However it is possible to set up a Gibbs sampling scheme by introducing latent
variables.

For i = 1,...,n, we can define 2;, w; such that y; = z; +w; and Z;|y;, i, o
is generated from the mixture of truncated normal distributions as in Equation
1. Also, we can define w;1,w;2 where w; = w;1 + w;2 and Wjq|w;, a, 8 has a
truncated exponential distribution as in Equation 2.

Conditional on the model parameters, both these distributions are easy to
sample.



Conditional on z = (21, ..., 2,), then inference for i, o? is conjugate so that
km+nz o2
2 o N

_2’Z ~ g ) :

o 2 2
Conditional on wy = (w11, ..., w,1) then

alwi ~ G (cq +n,dy + nuy.)

and, conditional on wo = (waq, ..., w2y, ), then

Blwg ~ G (cg +n,dg + nws.) .

Thus, we can set up a Gibbs sampling algorithm:



Gibbs sampler

1. t=0. Set initial values ,u(o), 0(0), Y, [3(0).
2. For 1 =1,...,n

(a) Generate z,L.(t) from fZ(z|yi,,u(t_l),J(t_l),at_l,ﬁ(t_l)).
(b) Set wgt) = Y; — z,ft)

(c) Generate wg) from le(w1|w§t),a,[3)

(d) Set ’wg) = wgt) + wg?

. Generate p'Yc"Y z® from f(u|ocV, 2z").
. Generate o'¥ from f(o|z").

. Generate a'! from f(oz|wgt)).

. Generate 3'Y from f(ﬁ|wgt))

t=t+1. Go to 2.

~N OO O b~ W



Problems

What priors should be used?

The natural choice would be to use the standard, improper priors p(u, 7) %

where 7 = 1/0?, p(a) x 1 a.nd p(ﬁ) oc% However, in this case, it is easy
to show that the posterior distribution is improper, see e.g. Ramirez et al

(2008b). In practice we use small but proper values of all parameters.
What initial values should we use?

A reasonable choice is to use the maximum likelihood estimates (assuming
these exist).

High autocorrelation

We are generating a lot of latent variables here. This leads to high
autocorrelation. It is useful to thin the sampled data. We take every
hundredth value generated.



Fitted histogram for the hospital data

The diagram shows the predictive distribution of the logged hospital occupancy

times. The fit seems fairly reasonable.
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Are the data long tailed?

Recall that the mean of the dPIN distributions only exists if a > 1.
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The probability that o < 1 is virtually zero.



Characteristics of the hospital queueing system

We assume that the hospital has a finite number of beds, c. Patients arrive at
the hospital according to a Poisson process with rate A and are given a bed if
one is available and are otherwise lost to the system.

The number of patients in the hospital system can be modeled as a M/G/c
Erlang loss system, that is a M/G/c/c system with no queueing, see e.g.
Jagerman (1974).

For an Erlang loss system, then the offered load, 6, is defined to be the
expected number of arrivals in a service time, that is

0 = \E|S|u, o0, a, 3.



The equilibrium distribution of the number of occupied beds is given by

0™ /n!

P(Nb — ?7,‘(9) — Zc Qj/j'
J=0 '

and therefore, the blocking probability or probability that an arriving patient is
turned away is

6¢/c!

B(c,0) = P(Ny = ¢|0) = S 0 /j!

and the expected number of occupied beds is

E[N,|0] = 0 (1 — B(c,6)).

Given A, c and a Monte Carlo sample of service time parameters, the above
quantities can be estimated by Rao Blackwellization.



Results for the hospital data

Following Ausin et al (2003), we shall suppose that the arrival rate is A = 1.5.

The diagram shows the blocking probabilities for different numbers of beds.
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Optimizing the number of beds

Assume that the hospital accrues different costs for the total numbers of
occupied and unoccupied beds and the number of patients that are turned
away. The hospital gains profits for those patients treated. Assume then that
we have ¢ beds when we shall suppose:

e Cost per occupied bed per time unit is r, so that the expected cost per
time unit due to occupation of beds is r, E[Ny|6].

e Cost r, per time unit for every empty bed so the expected cost per time
unit due to empty beds is r.(c — E[Np|6]).

e Cost per patient turned away per time unit is ; when the expected cost per
time unit is r;B(c, 6).



This leads to an expected loss per time unit

L(c|\,0) = r,E[Np|O] +r.(c — E[Ny|0]) + rB(c,0)
= (rp—1e)0+71ec+{(re —7p)0 + 1 AB(c,0)}

Following Ausin et al (2003), we shall assume that . = 1, r; = 200 and here
we suppose that r, = 3.

Then, we can calculate the number of beds which minimize the expected loss.
This is the optimal number of beds from a Bayesian viewpoint.
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The optimal number of beds given this loss function is 47 The results are
slightly different to those in Ausin et al (2003) who found an optimal number
of ¢ = 58 with a similar loss function and an alternative service model.



Application 1V: Weibull mixture models
for heterogeneous survival data

The Weibull distribution is one of the most popular parametric models for
survival and reliability. The density function and survival function of a Weibull
distributed variable, X ~ W(#,a), are:

a—1_ —0x“

fw(x|0,a) = 6Oaz® “e
F(z|0,a) = e 7"



The likelihood function

Consider two possible cases:

| We observe n complete lifetimes x = z1,..., 2,

il We observe n complete lifetimes as earlier and m truncated lifetimes
T, -- -, Tmin Where it is supposed that the subjects are still living at
these times.

In case i. the likelihood function is

n
e g0
[(0,alx) H"a"Hm?e b2 im1 i
i=1
and in case ii, we have

n
[(0,alx) < 0"a" H x?e_ezyiﬁn i

1=1



Prior and posterior distributions

Suppose that we set the following prior distributions

0 ~ 9(059,69>
a ~ g(aaa 5@)

then the conditional posterior distributions are

Case 1
Ola,x  ~ G (ag +n, Bp 4 g f)
f(alf,x) o avetn T ager (Geetoin o)

1=1 "1

g (Oée
aa+n H

Case 2

+n, By + Zm+n q)
pp— (Baat6 3" )

zlz



Gibbs Sampling

It is easy to set up a Gibbs sampler as follows:
1) t=0. Set initial value a(?.

2) Sample 60U from f (0]x,al?)

3) Sample al"*Y from f (alx,00+D).

4) t=t+1 Go to 2.

Clearly, step 2 is straightforward. For step 3, Tsionas (2002) uses a Metropolis
Hastings step and Marin et al (2005) consider a slice sampler:



A slice sampler for sampling from f(a|x, 0)

2a) Simulate a uniform random variable; u ~ U [O,g(a(t)\x,ﬁ(t))]
where g is the density formula on the previous page

2b) Simulate a*!) from a uniform distribution with support S(u) =
ta:g(a) > ut.

In practice, the only difficulty with this algorithm is in evaluating the support
S(u), although as indicated in Neal (2003), this is straightforward to do by
simply sampling from a uniform distribution over a slightly larger space and
then checking that the constraint in 2b) is verified.



Mixtures of Weibull distributions

When the data are heterogeneous, it is more appropriate to consider a mixture
model

k
f(xlk, w,0,a) = w;fw(z|;,a;).
j=1

In this case, a natural prior for the weights is w ~ D(c, ..., c) and we can use

k

gamma priors for the remaining parameters as earlier.

However, given sample data, e.g. of type 1, then the likelihood becomes

n k
[(w,0,a|x) x H ijfW(xi‘Hja a;)

i=1 j=1

which contains £™ terms and for n relatively large, is intractable.



Simplifying the likelihood with latent variables

Let Z be a random variable such that P(Z = z|k,w) = w,. Then, if X comes
from the mixture of Weibulls model, we can write

X\|Z =2z~W(0;,a;).

Suppose now that for each observed datum, we know the values z = 21, ..., z,.
Then, the likelihood function simplifies to

[(w,0,a,z|x) x wa(xi\ﬁzi,azi).

1=1



Posterior distributions
It is now easy to show that

P(Z; = z|x,w,0,a) o w,fw(xl0,,a,)

w|x,0,a,z ~ D(c+mni,c+ng,...,c+n,)

where n; are the number of data allocated to element j of the mixture.

The conditional posterior distributions for each 6; and a; are as earlier but
only considering the sample data assigned to element j of the mixture.



1)

2)

3)

4)

5)

6)

Gibbs sampler

t =0. Set initial values W<0>,9(0),a(0>.

For i =1,...,n sample zz-(tﬂ) from P (zi\x,w(ﬂ, H(t),a(t>) :
For 7=1,...,k, sample 9§t+1) from f <(9j‘X,Z(t—i_l),w(t—i_l)’a(t))

For j=1,...,k, sample aétH) from f (a\x,z(tﬂ),w(tﬂ),H(t“)) :

t=t+1 Go to 2.



Inference when £k is unknown

In this case, we define a prior distribution for k, e.g. a truncated Poisson. Now,
the previous algorithm can be thought of as giving inference for the model
parameters conditional on k. We need to incorporate a step which allows for
the possibility of changing £ and these parameters. There are two possibilities:
reversible jump (Richardson and Green 1997) or birth death MCMC (Stephens
2000). Here we use a birth death MCMC approach.



Simulated example

Sample of size 150 with 10% censoring simulated from a mixture of 3 Weibull
distributions with weights w = (0.6, 0.3,0.1) and parameters 8 = (0.1,0.3,0.5)
and a = (0.5,1,2).

MCMC algorithm ran for 60000 iterations with 10000 to burn in.

The first graphs illustrate the convergence of the algorithm and the following
graph shows the posterior distribution of k. The final graph shows a Kaplan
Meier estimate of the survival curve as well as the fitted and true curves



2009

09:49 12 February

ribution] At

Swets Content Dist

Downloaded By

680

P(k)

Marin et al.

10
L

T T T T T
0 10000 20000 30000 40000 50000

Iterations
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Figure 4. Expected survivor function (thin black line), true survivor function (thick black
line) and Kaplan-Meier estimate (polygonal line).
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Real data example

Here we analyze data from 87 persons with lupus nephritis, see Abrahamowicz
et al. (1996). These patients were studied over a 15-year time period, during
which 35 deaths were recorded. In the original article, covariate information
was used to study the effects of disease duration prior to diagnosis on the risk
of mortality of patients, via a time dependent hazard rate model and suggest
that the usual proportional hazards model fits the data reasonably well.

Here, we do not use the covariate information and use the Weibull mixture
model to represent the possible inhomogeneity of the lifetime data.



The first graph shows a KM estimate and the fitted survival curve and the
second graph shows the estimated hazard curve.
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Finally, in Fig. 6, we illustrate the expected population hazard function for this
data set. The expected hazard falls quite rapidly towards 0.05 but then decays very
slowly.

These results would seem to suggest that patient death is more probable in the
early stages of treatment, but that if a patient survives this phase, then they have a
reasonable chance of longer term survival.
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