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1 Introduction

In this work, we explore the theory and applications of various multi-regime mod-
els involving Markov chains. Markov chains are an elegant way to model path-
dependent data. We study a series of problems with non-homogeneous data and
the various ways that Markov chains come into play. Non-homogeneous data can
be modelled using multi-regime models, which apply a distinct set of parameters
to distinct population sub-groups, referred to as regimes. Such models essentially
allow for a practitioner to understand the nature (and in some cases the existence)
of particular regimes within the data without the need to split the population
into assumed sub-groups. Examples of problems involving non-homogeneous data
include the problem of modelling business outcomes in different economic states
(without explicitly using economic variables) or studying rainfall patterns as the
seasons change across geographies. The problems we discuss here involve multiple
regimes in two different ways and they also involve Markov chains in two different
ways. Different regimes can apply to an entire population at different times, which
we see in our first two problems, and different regimes can also apply to different
subsections of the population over the whole observed time, which we see in our
second two problems. Markov chains are involved via the estimation procedure
or within models for the observed data. We first study multi-regime problems
with Markov chains used in the estimation procedure. These are conducted from
a Bayesian approach and we utilise the properties of Markov chains to discover
and establish efficiencies in the estimation algorithms. Following this, we explore
the uses of Markov chains as components of models applied to non-homogeneous
data. Note that our second problem involves Markov chains in both the estima-
tion procedure as well as the model. Although this work is largely focussed on
addressing the theoretical issues of each problem, the motivation behind each of

the problems studied comes from real datasets, which possess levels of complexity



that are insufficiently described through more standard procedures.

Our first problem is motivated by a simple form of non-homogeneous data. We
study a single discrete time series representing quarterly driver fatality counts for
the state of Victoria, Australia. Upon inspection of the data, it is clear that there
are shifts in the levels of the counts over different time periods. Thus, there is a
need to model the non-homogeneous dataset, allowing for multiple regimes. We
apply a Bayesian Poisson change-point model to the data, using a Gibbs sampler,
and note that there is no way of knowing how many iterations of the sampler
will be required for a sufficient level of convergence. We derive a key property
of the Markov chain involved in the Gibbs sampler procedure to estimate the
parameters of a Poisson change-point model, which provides a significant insight
into the nature of the convergence rate of the sampler. This enables us to have
greater confidence around the model estimates and the resulting insights gained
on the phenomena driving the multiple regimes in the data.

We continue with the use of Bayesian estimation algorithms for our second
problem, which is motivated by the regime-switching nature of credit rating mi-
gration dynamics for a homogeneous population of firms. This is a problem with
more complex discrete time-series data, with multiple series of different lengths.
This dataset is modelled using the double chain Markov model (DCMM), where
we have a hidden Markov chain that drives the switching process between two
Markov chains that drive the observed data. Similar to the first problem, we also
estimate the model using a Markov chain Monte Carlo procedure and show how
it can be applied to model credit rating migration data over discrete time and
identify where the key regime switches occur, which aligns remarkably well with
notable economic events of the past few decades in the United States. We exploit
the properties of the Markov chain underlying the estimation procedure to en-

hance the efficiency of the sampling algorithm. We show using simulation studies



that we are able to improve the estimation efficiency, when compared to existing
estimation procedures.

The application of credit rating migration modelling is also the motivation
for our third problem. However, instead of supposing that the different regimes
occur over time, we look at different regimes that drive a particular proportion
of the population over the whole of the finite observation window. We are thus
looking at a Markov chain mixture model and focus on the problem of testing
for the number of mixture components. We prove that the log-likelihood ratio
test statistic, for the test between 1 and 2 Markov chain components, diverges to
infinity with probability 1.

We then outline a simplified version of the model, where we only have 2 possi-
ble states for each Markov chain component, one for non-default and an absorbing
state for default, and state a theorem that gives the exact limiting distribution of
the log-likelihood ratio test statistic for this version of the problem. This test is
equivalent to the test between 1 and 2 components in a mixture of censored ex-
ponentials. We ultimately find the exact limiting distribution of the log-likelihood
ratio test statistic for this challenging problem, which would allow us to test for
the presence of a mixture for this class of models.

Our first problem is explored in Chapter 2, where we apply the Poisson change-
point model to driver fatality counts for the state of Victoria, Australia. The
different regimes arise from evolving policy settings with some causing the fatal-
ities to drop significantly. We fit this model with a Bayesian approach using the
Gibbs sampler, a commonly used Markov chain Monte Carlo procedure. Our sam-
pler starts with initial parameter estimates that are sampled from their respective
prior distributions, which are used to sample a subset of the parameters from the
conditional distributions that arise from knowing the complementary subset, then

conditioning on these new samples to re-sample the initial subset. This iterative



procedure continues until the resulting samples of each parameter have distribu-
tions that resemble their true marginal distributions. If these sample distributions
are in a steady state and have low values of the autocorrelation function at each
lag £ > 1 with respect to the index of the sampled chain of estimates, then we say
that the algorithm has converged. Note here that the conditional distribution of
future samples, conditional on the current and past samples, is only dependent on
the current sample and not the samples preceding it. This is the Markov property
of the Gibbs sampler. The chain is the series of samples for the full parameter
vector and the state space of the chain is the corresponding combined parameter
space of the model. In order to generate appropriate parameter estimates (and
distributions around each), we require that the Markov chain of the Gibbs sam-
pler is able to explore all possibilities in the parameter space. That is, we require
that the Markov chain be ergodic. If there was an absorbing state, for example,
the Markov chain would not be ergodic. This could mean that a particular Gibbs
sampler may eventually sample the value that results in the absorbing state and all
subsequent samples for that parameter would be the same. This would not allow
the sampler to explore all areas of the parameter space but only a small section of
it. Sometimes a Markov chain can be ergodic but the chance of an arbitrary chain
exploring a particular part of the distribution is so low that it is barely sampled
from, even after many iterations of the algorithm. In a practical setting, we require
algorithms to be fast and thus need to know the rate at which the Markov chain in
the Gibbs sampler has explored all areas of the parameter space sufficiently. We
utilise some key results in the literature to show that if a particular sampler has
certain properties, we can show that the Markov chain in the sampler is geomet-
rically ergodic. That is, it explores all areas of the parameter’s sample space at a
geometric rate, meaning that only a moderate amount of iterations are necessary

to have a sufficiently rich sample from the parameter space to fit the model.



Key results of this chapter have been published in Fitzpatrick (2014), which
was produced as a key component of this thesis with the overarching theme of
multi-regime models involving Markov chains. Here, our observations derive from
underlying regimes that change over time and we estimate the parameters using a
procedure involving a Markov chain. Our key result is on finding a particular prop-
erty of this Markov chain, geometric ergodicity, which has important implications
for our estimation procedure and hence the reliability of our results.

In Chapter 3, as well as using Markov chain Monte Carlo for estimation, we
explore a model that uses Markov chains to describe the data dynamics directly.
We are modelling the credit rating dynamics of hundreds of financial services firms
in the United States of America across a time period that spans many different
economic states. We note that the rating dynamics vary widely enough to warrant
a multi-regime model. Since the broader economy is often described as a cycle,
with growth and contraction periods, we choose to fit two regimes and also model
the switching process between these regimes with a Markov chain. This is known
as the double chain Markov model (DCMM). The observed data is driven by
a Markov chain at each time point; however, the particular Markov chain that
drives the data is selected by a hidden Markov chain, which models the switching
dynamics. We estimate all of the parameters with an efficient Bayesian algorithm
to ensure that all areas of the parameter space are sufficiently explored to allow
for effective convergence of the Gibbs sampler as in Chapter 2. After fitting the
model to the credit rating data, we find that not only do the two regimes clearly
represent good and bad credit migration dynamics but they are selected for the
time periods that are well known to be the good and bad times of the United
States economy. This is a remarkable finding, given that only the credit rating
migration dataset was used with no economic information used a priori. It has

always been a challenge for practitioners to model business dynamics, particularly



when it comes to rare events such as defaults of highly rated firms. The double
chain Markov model allows for a few parameters to describe complex dynamics that
can assist in understanding the credit risk taken by banks and large investment
firms. When we allow for multiple regimes, we are able to estimate the dynamics
that occur during times of economic stress. We know from the recent financial
crisis of 2008-2009, which had truly global effects, that economic conditions can
vary quite dramatically from the long-term average. Thus, we are working in an
area that is in great need of further exploration. The iterative model estimation
algorithms, the data, computing power, model consistency and general theory all
must be explored further to extend the tools available for understanding these
dynamics.

Key results of this chapter have been published in Fitzpatrick and Marchev
(2013), which was produced as a key component of this thesis with the overarching
theme of multi-regime models involving Markov chains. The observed data are
driven by different underlying regimes, which switch between each other over time,
and Markov chains are involved in a number of ways. Firstly, in a similar way to
the previous chapter, the estimation is performed by running a Markov chain.
Secondly, the series of regimes that are selected over time is a Markov chain,
meaning that, conditional on the current regime, the regime we select for the next
time point is independent to the previous regimes. Finally, the parameters of the
observed model are also Markov chains. This is because the credit rating data
that we study have a discrete state at each time point and the dynamics of their
potential migration to other ratings in the future, given a selected regime, is only
dependent on their current state.

We study a different need for multi-regime models in Chapter 4 where the
different regimes apply to different subsets of the population. We continue with

the motivating problem of modelling the credit rating migration dynamics of firms;
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however, we look into the theory behind the test for the number of Markov chains
required to satisfactorily fit a particular dataset. We explore this problem with
mixtures of continuous-time Markov chains and specifically develop the theory for
the test between 1 and 2 Markov chain components in the mixture. We conjecture
that, similarly to Hartigan (1985), the log-likelihood ratio test statistic diverges to
infinity with the sample size, contrary to the claim from Frydman (2005) that we
can use standard theory to apply a chi-squared distribution with degrees of freedom
equal to the difference in the number of parameters between the 1 component and
2 component mixture models. We provide evidence for our conjecture with the
use of a parametric bootstrap procedure and then adapt the theory of Fukumizu
(2003) to our case to definitively prove that the log-likelihood ratio test statistic
does in fact diverge to infinity with the sample size. In order to develop a test
for the presence of a Markov chain mixture, the next step would be to derive the
limiting distribution of the log-likelihood ratio test statistic. We pursue this for a
special case in the following chapter.

In Chapter 5, we focus on a simple case of the model in Chapter 4, where
each Markov chain component consists of a non-default state and an absorbing
default state. We derive the exact limiting distribution of the log-likelihood ratio
test statistic for the test between 1 and 2 Markov chain mixture components.
This test is equivalent to the test between 1 and 2 components in a censored
exponential mixture problem. We show that the log-likelihood ratio test statistic
is asymptotically equivalent to the square of the maximum of a Gaussian process
over an interval whose length increases as the logarithm of the sample size. We
prove that this Gaussian process is locally stationary so that we may utilise the
extreme value theory developed in Hiisler (1990) to ultimately derive the exact
limiting distribution of the log-likelihood ratio test statistic. These developments

allow us to conduct a two sided test between 1 and 2 censored exponential mixture
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components, which has applications beyond our original motivating example. We

provide some conclusions and ideas for future research following our results.
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2 Geometric ergodicity of the Gibbs sampler for
the Poisson change-point model

In order to understand the changing rates of driver fatalities over the past 20 years
in the state of Victoria, Australia, we observe a discrete time series of quarterly
counts between March 1989 and December 2010, shown in Figure 1. From inspec-
tion, we can see that there is an initial sharp drop in the counts for each quarter,
before a levelling off followed by another drop in the counts and a further levelling
off. Although the more recent data is generally lower than the previous years,
it does not seem to be following a linear trend, nor a gradual geometric decline.
There seems to be multiple levels in the data for various time intervals but it isn’t
entirely obvious where these levels are. If the count data seemed to have one level
of propensity, then we could fit a simple Poisson model. However, due to the
multiple levels of counts, it is appropriate to apply a Poisson change-point model
to the data. This will allow us to estimate where the change-points are, where we
shift to a new regime and what the fatality rates are in each regime.

Poisson change-point models are used for modelling inhomogeneous time-series
of count data. There are a number of methods available for estimating the param-
eters in these models using iterative techniques such as Markov chain Monte Carlo
(MCMC). Many of these techniques share the common problem that there does
not seem to be a definitive way of knowing the number of iterations required to
obtain sufficient convergence. In this chapter, we show that the Gibbs sampler of
the Poisson change-point model is geometrically ergodic. Establishing geometric
ergodicity is crucial from a practical point of view as it implies the existence of a
Markov chain central limit theorem, which can be used to obtain standard error
estimates. We prove that the transition kernel is a trace-class operator, which

implies geometric ergodicity of the sampler (see Khare and Hobert (2011) for de-
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Figure 1: The count of driver fatalities in Victoria for each quarter between March
1989 and December 2010. Source: TAC (2011)

tails). We then examine the application of the sampler to a Poisson change-point

model for quarterly driver fatality counts for the state of Victoria, Australia.

2.1 Introduction

Under the Poisson change-point model, we observe a non-homogeneous sequence
of T independent Poisson random variables X7, ..., X7. More specifically, we con-
sider the case when the rate A changes from \; to A\ at an unknown point 7,
then from As to A3 at a later unknown point 7, and so on, until the rate changes
to Mg, where it remains for the observation periods 7 + 1 to 7. This model
has been widely studied (see Carlin et al. (1992) and Raftery and Akman (1986),
among others). Each of these models have a fixed K, which means the number

of change-points is known a priori. The Bayesian Poisson change-point model
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studied in Raftery and Akman (1986) assumed conjugate priors and has a single
change-point at an unknown time. The model is applied to a well known data set
consisting of intervals between coal-mining disasters given by Jarrett (1979). Car-
lin et al. (1992) present a general approach to hierarchical Bayesian change-point
models, including a version of the Poisson change-point model that we apply to our
data, and describes a Gibbs sampler procedure in great detail. Although Carlin
et al. (1992) acknowledge the need to derive the number of iterations and sampler
replications required for sufficient convergence, the convergence of the algorithm
is concluded through inspection of the postetior distribution for the parameters
after applying up to 50 iterations and 100 replications. Further understanding of
the properties of convergence of the Gibbs sampler for the Poisson change-point
model will allow for a more precise number of iterations and replications to be
directly derived.

Here, we use a Poisson change-point model for detecting the shifts and levels
of quarterly driver fatality counts for the state of Victoria, Australia. Within
this application, the timing and size of the shifts in the dynamics of the data
provide insight into the effectiveness of particular government policies in reducing
the number of road fatalities.

In this study of non-homogeneous count data for driver fatalities in Victoria,
we utilise the results from Khare and Hobert (2011) to show a theoretical result
on the convergence of the Gibbs sampler for estimating the model parameters that
is of great importance to practitioners. In cases where these models are utilised
for providing objective evidence to influence future policy-making, we must have
confidence that the iterative algorithm for estimating the model parameters has
converged. It is an interesting approach to providing statistical evidence of shifts in
outcomes. Traditionally, a hypothesis would be set that assumes a particular effect

is or is not present and this hypothesis is tested as to whether we should adopt the
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defined alternative. This essentially requires us to know what the alternatives are.
For example testing whether data could be derived from a particular model (such
as the standard normal distribution), we would produce a test statistic that has a
particular distribution under the null hypothesis and infer with a particular level
of confidence whether we should reject this hypothesis in favour of a more general
alternative. However, with the class of models discussed here, we are only assuming
a model form and then using the data to allow us to discover the potential causes
for shifts in the rates of driver fatalities. This differs to us needing to guess the
potential causes first then test for whether we should guess again. If the results
from this more exploratory approach align with independent prior ideas as to what
could be driving the data, our understanding can be further verified.

In Section 2.2, we outline the model specification and introduce some notation.
We then discuss the estimation of the model parameters in Section 2.3. The
main result is presented in Section 2.4 where we show that the Gibbs sampler
is geometrically ergodic. This is a specific application of the results of Khare
and Hobert (2011) to our model chosen here due to its practical significance.
These theoretical results are used in practice in Section 2.5, where we apply the
model to quarterly driver fatality counts for the state of Victoria, Australia. Our
main interest is in estimating the non-constant fatality rate A and the change-
points 7 = (71,...,7x) by obtaining a sample from their posterior distributions.
We are interested in estimating both the timing of the change-points as well as
the size of the shift in fatality rates. The significant shifts in the driver fatality
counts, which are thankfully being reduced over time, align with some key policy
implementations and public campaigns, providing evidence for their impact. A
comparison of the fatality rates in each regime provides a measurement of their
effectiveness, despite the natural variation in the data from year to year. We then

discuss some conclusions and potential avenues for future research.
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2.2 Model specification

For the application of modelling the quarterly driver fatality counts, we are pre-
sented with a time series of count data. That is, a series of 0 < T" < oo positive
integers Y7, Ys, ..., Y representing the number of driver fatalities in each quar-
ter. Upon inspection of Figure 1, we see that these numbers vary over the series
within a reasonably controlled range and we see immediately that the earlier data
points tend to have higher counts than the later data points. We are modelling
these data in an exploratory fashion, to understand the features of the data, any
patterns that emerge and the resulting insights this can give us about what to
expect with future data points given relationships with causal factors that are not
directly captured in the data (such as road safety regulations, number of cars,
size and density of the population, types of vehicles on the roads, quality of the
roads, quality of the drivers, weather and natural disasters etc.). Note that it is
impossible to discern exactly what the causes are but we can show evidence that
supports or challenges a particular claim. We could look to capture other infor-
mation that may be related to the data and find a statistical relationship such as
fitting a generalised linear model of sorts; however, this requires access to many
other sources of data for the same time period and region involved. Given that our
analysis is largely exploratory, we would be required to gather much more data
than an eventual model as we should keep an open mind as to what may have
the strongest relationship with our dependent variables. Alternatively, we can find
patterns in our count data and use these patterns to point us in the right direction
what could be causing these patterns to emerge. This approach is key. It starts
with the data and we are guided to a greater understanding of what drives it.
Let us refer to the probability of a driver fatality within a particular time period
with a particular risk level. Focussing again on the actual counts, we note that

although the counts are greater for the earlier years than the later years, there
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does not seem to be a steady decline. In fact, there seems to be a single step down
in the counts and a levelling out before another step down. This multi-level effect
points to a shift in risk levels that are constant for a certain period before shifting
to a new level for the next period and so on. If we modelled all of the data with a
regular Poisson model, we would not have a good idea of the level of risk at each
time point but rather a view of the average risk over the entire observable period.
From inspection, we see that a constant level of risk is certainly not appropriate.
Poisson models may work to describe the count data but we must allow for the
shift in the risk levels.

We thus consider the Poisson change-point model, where

.

Po(A1) fori=1,...,7;
Po()\2) fori=m+1,...,79;
ind.

Vil A, 7~

Po(Ag) fori=71g_1+1,...,7k; (1)

PO()\K+1) fOTi:TK—l—l,...,T.

\
ind.

)\i’B,T ~ G(al,ﬁl),Z:L,K—Fl

ﬁz‘|7' irfl\(} IG(CZ,pl)7’L = 1, ce ,K +1

0 < K <T —1is aknown constant and 74, ...,7x are distributed as the order
statistics from a random sample of size K taken without replacement from the set
{1,2,...,T —1}.

Here X ~ G(a,b) implies that X follows the gamma density

a—1 _z
z b

fx(x) = pr@® 0 ¢ > 0and X ~ IG(c, p) implies that X follows the inverse

gamma density fx(z) = p%%lr(c)efp%, x> 0.
The particular form of this model is consistent with the literature. In fact, if
we fix K = 1, then we have the Poisson change-point model that was studied in

Carlin et al. (1992). It is also constructed for a Bayesian approach. Given the
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data, there is no way for us to produce consistent maximum likelihood estimates
as we do not know when the shifts in A take place. If we knew when the shifts
were (or guessed) then fitting the model with a frequentist approach would be
trivial. However, with this approach we allow the timing of the shifts to vary, thus
allowing the data to provide guidance as to where these could be. We may also
analyse the posterior distribution of the parameters, given their prior distributions
and the information provided by the data, which can give us a greater idea of our
level of certainty with each of the parameters and the potential that there may be
something quite different going on. The choice of prior distributions is consistent
with the sort of data that we are analysing (count data that occurs where there are
multiple experiments with a low risk of a particular outcome being experienced).
These distributions are also conjugate prior distributions. That is, they retain their
form in the posterior distribution after being combined with the data likelihood
distribution.

We will firstly explore some theoretical properties of this general model before
applying it specifically to our practical task at hand. This is the first time that
this particular dataset has been analysed in this way, so our findings will be of
use to policy makers seeking to further understand the drivers of the data. We
also extend the theory to further our understanding of the rate of convergence of
the Gibbs sampler for this model, which gives us some guidance as to the running
time required for the iterative algorithm to fit the model before we can analyse

the parameters and extract practical insights.

2.3 Estimation of the model parameters

Recall that our main interest is in estimating the vector A and the change-points

T = (7,...,7Tk) by obtaining a sample from their posterior distributions. From
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(1) we obtain the joint density

T y\Yh o~ K i Yi —\i T Yk ,—A
OB W Rsp—— y E Ry DI | RS e
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K+1 K+1
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Then, the complete posterior density is

Yt yita—1 s Z;iﬂc—rﬂ Yitars1—1 S 1 vitas—1
f(AaﬁaT‘y)O(/Mll H A Y K

k+1 K+1
k=2
—>\1 T1+ 7)% Th—Thk—11+7%— ) 7>\K+1(T77K71+5#) K+1 -1
I [ o (e
X ﬁm +e1+1 5a2+02+1
1 2

The desired sample will be obtained by running a two-stage Gibbs sampler that

iterates between

fAIB,7,y) and f(B, 7|\ y),

where the sequence of 3’s will be simply ignored.
From (2), it is clear that conditional on 3, T,y, the parameters Ay, ..., Ag1q

are independent with

T1
B
A s 4y NG l+ - e B
187y <;y “ 181 +1

B
MelB, Ty ~ G yz+ak, fork=2,....K; (3
| i ;H (76 — T-1) B + 1 (3)
Br i1
Ak+1|B, Ty ~ G i+ a1, :
K1 Yy (z ;1 Yi K+1 (T = 75)Bras + 1
Again, from (2) it is clear that conditional on A, y, the parameters 1, . .., k11
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and 7 are independent with

Pk
Ay~1 — |fork=1,... K+ 1;
BelA, y G(ak+ck,pk>\k+1) or s, K+ T
flylm,A) (4)

FrIAY) = g T
UUIRRD DIPD DURARER ({7

Remarks:

1. Note that we intentionally chose the parametrization of the gamma and
inverse gamma densities so that equations (3) and (4) agree perfectly with

the complete conditional distributions derived in Carlin et al. (1992).

2. It is possible to integrate out the 3 variables from the posterior density. For

example, in the case of one change-point, we see that

T
)\Ezzl yi+a1_1)\zi:7+l yi+a2_1€_)\17— —X2(T—71)
1 2

e
(p1A1 + 1)@t (podg + 1)zt

fA7ly) o

However, the above density, although available in closed form (apart from a
normalizing constant), is not easy to draw from. Moreover, the introduction
of more than one change point makes sampling from f(\, 7|y) even harder,

whereas with our approach the algorithm is essentially the same.

2.4 Geometric ergodicity of the Gibbs sampler

In this section we prove that the Gibbs sampler, originally described by Geman
and Geman (1984), applied to the Poisson change-point model, specified in the
previous section, is geometrically ergodic. A geometrically ergodic Gibbs sampler
converges to its target distribution at a geometric rate. We do this by using the
results in Khare and Hobert (2011) about data augmentation (DA) algorithms

which are trace-class. DA algorithms involve the introduction of unobserved or
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latent variables to sampling or iterative optimisation procedures. Stochastic DA
algorithms constructed for posterior sampling can take the form of a two-block

Gibbs sampler, such as the one used for our model.

Definition 2.1. If a DA algorithm based on a joint density f(z,y) satisfies

JRECOTE /y [ v telp xolomnt@anidn) <o, (9

then the Markov operator, K™, associated with the chain is a trace-class operator.
Here, © = X x Y and also fx)y(z|y) and fy|x(y|x) are the densities for the

parameter subsets X and ) with measures p and v respectively.

Furthermore, if K™ is a trace-class operator then it is compact and its norm
|K™°|| < 1, so by Roberts and Rosenthal (1997), the corresponding Markov chain
must be geometrically ergodic. Further details about trace-class operators can be
found, for example, in Conway (1990).

We can prove geometric ergodicity of the Gibbs sampler for our model via the

following theorem.

Theorem 2.2. For the Poisson change-point model (1), the two conditional den-
sities (3) and (4) satisfy
T—

1 —K—1+1

Z Z / / S, 7, 9) F(B, 71X y)dBAA < 00, (6)

=Ti— 1+1

K-
Therefore, the Gibbs sampler for the Poisson change-point model (1) is geo-

metrically ergodic.

We can see from (5) that (6) implies that the Markov operator associated with

the Gibbs sampler for the Poisson change-point model (1) is a trace-class operator.
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We can then use the results of Roberts and Rosenthal (1997) to see that the Gibbs

sampler for (1) is geometrically ergodic.

Proof. From (3) and (4) we can see that the left hand side becomes
T-K-1 K T-K—
> Z Z / / FlBr, 7, y) - kil Braa, 7,y) f(Bi A1)
T1=1 _1+1
X f(5K+1|>\K+1) (TIN, y)dfy ... dBrs1dAy ... dAgi1.
Note that

. B [yl A)
R S i > S S oY

< 1 for all possible 7%,

which implies that the left hand side of the expression in the theorem is bounded

above by

T1=1 =2 7y;=7;_1+1

-1 T-K—

144 e’} 00
/ / FOlBuTy) o fOwalBran T y)

0 0

x f(BilM) oo f(Brsr|Axs1)dBy ... dBriadAy ...

{/ / FulBr, T y) f (&!Al)dﬂlcul}

fAk 1l By, T, y)f(ﬁKH|>\K+1)dﬁK+1d)\K+1} :

o\ '
8
8

0

Thus, since T' is finite and since f(\g|Bk, 7,y) and f(Bk|A\x) are distributed simi-
larly for all k =1,..., K + 1, then it will suffice to prove that

/°° /oof()\lfﬁlﬂ',y)f(ﬁ1|>\1)d51d>\1 <ocoVm=1,.... T—-K—-1. (7)
o Jo
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Note also that letting M (7)) = 71, M(7x41) =T —7k, and M(71;) = 7, —7;_1 for

i=2,...,K, and letting N(m) = Z;lzl Yj, N(Tks1) = ZJT=TK+1 y;, and N(1;) =
> 1y fori=2,... K, we have

fily, 7,6:) ~ G (ai + N (), (sz(iﬁ))

D~ 16 (et e (2
F) ~ 16 (0 ()

where a;, ¢;, and p; are known positive constants, for ¢+ = 1,..., K + 1. Thus,

taking the model specification into account, for any general 7 € {1,...,7 — 1}

and N (1) = >_I_, y;, we are required to prove

NN (1) =1 ,=A(T+3) e—%(/\+§)
/ / dbd\ < o0. (8)

bT+1 a+N F(a_|_ N(T)) (;\%)a+cr<a + C)ba+c+1

We will do this by bounding the left hand side by integrable functions. We will
bound the left and right tails of each of the b and A supports by a different function
and show that the result is still finite.

LHS = /OO /Oo Ldbd\
B / / \a+N(7) 1()\+ l)a+c “AM7+32) N
2a + N ) e+ 1)(bT+2)2a+N(7)+c+l
[F(2a+N( )+ e+ 1) (555

20N (D) et o™ 52
db
(#)CH’N(T)F(G_{_C)F(a_'_N( ))ba+c+1

)\2a+N(‘r)+c —/\(T+ )
< Lid\db + d\
/ / ! / / T(2a+ N (1) + ¢ + 1) (52 )20t N Fet]

b_\2a+N(r)+c+l, -3(3)
> [Q (b7'+2) ]db

(sz_l )a+N )patetl

where @ = %, since there exists M > 0 such that (z + %)“*C <
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29T poa,e > 0 and z > M. So now, we have
s oM 0o a+N(r) ,~ 3 (%)
LHS < /0 /0 LidAdb + Ql/o (b,]_(li:;;iz)JrN(T)Jrcilba+c+l db
o M o o5
< /O /0 Lid\db + Q1/0 mdb
o M o e—g(%)
< /o /o Lid\db 4+ Qp* T (a + ¢) /o batetl patel (g 4 c) db

o) M
= / / LidAdb + Q5
0 0

where Q3 = Q10" I'(a 4 ¢). Thus we can now focus on the first term, so

(b7 + )a+N( e~ 32 +1)
LHS <Q2 —f-/ / db
b2a+N(r +c+11"(2a_|_N( )+C)(2p>\+1)2a+N( T)+c

2(1+N( ) )(%}%)QQ—FN(T +c)\a+N(T) 1 —>\7' o

yotel'(a + ¢)'(a + N(7))

(p/\+1
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and since there exists N > 0 such that (br+1)3"NT) < platNOHTy b 7 o N(7) >
0 and b > N,

M N
<@2 + / / Lidbd
o Jo

M T
+ / E[b(aJrN(‘r)Jrl]]

<Q2+/ / Ldbd

+/ ['(2a+ N(7) + ¢ — [a+ N(7) + 1]) (gop) VDAV D emAr
(gpag)ferN @+t [(a+c)l'(a+ N(7))

<Q2—|—/ / L dbd\

[(2a+ N(7) + ¢ —[a+ N(r) + 1) o
+/ T(a+ (@ + N(7)) (2“ p) S

—Qg—l—/ / I dbd )

where Q3 = Q2 + MF(QHFA(ZE—Tr)cJ)FF(aE(:Xf](V())HH) (SUP0<A<M(2)\ + )[‘HN(Tﬂ@_/\T)v and

(20-+ N(7) +0) (gl P VO rear N e

(p/\H)‘”CF(a +¢)I'(a+ N(1))

dA

under the condition that 2a+c—[a] # 1,0, —1,—2, ..., which is not very restrictive.
Therefore, the last thing to prove is that

M N
= / / Ldbd\ < . 9)
0 0

For this, we note that the mode of an IG(«, ) distribution is
of a G(a, ) distribution is

e +1) and the mode

ﬁ . Thus, we have

N(r) -1 1
A < // (a+ AL
bT+1 pla+c+1)

/ / LdbdA
o Jo
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and since

0L _ (a+N(r)—1)(pA+1)
ob — pla+c+1)(br +1)2

>0forall0 <b< N,

we have

(a+ N(1)—1)(pA+1)
A4 < N/ a+c+1)(NT—|—1)2d)\'

Also,

>0V 0< A<M,

0 (a—i—N(ﬂ—l)(pA%—l)] _ (a+ N(1)—1)p
p(

O | pla+c+ 1) (N7 +1)? a+c+1)(Nt+1)2

so we have

(a+ N(1)—1)(Mp+1)
pla+c+1)(NT+1)

A < MN
Therefore,
/Km°(9|6’)d0<oo
©

as required.

2.5 Applications to Victorian driver fatality count data

A popular application of the Poisson change-point model is in the assessment of

the effectiveness of government policies. We analyse count data for the number of

fatal crashes in each calendar quarter, recorded in the state of Victoria, Australia.

The data is from the Australian Government - Department of Infrastructure and

Transport, TAC (2011). This particular time series is of interest due to the fact

that the frequency of fatal crashes in Victoria has reduced dramatically over the
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past twenty years, despite an increase in the number of drivers over the same
period. It is important to assess the nature of the reductions, whether it is a
steady downward trend or whether there are sudden drops due to various effective
policies or other discrete influences.

Our data set consists of T' = 88 quarterly observations, ranging from the March
quarter of 1989 to the December quarter of 2010. We fit the Poisson change-
point model from (1), with K = 2 change-points, to the data. The constant
hyperparameters are set with a; = 170, ay = 120, a3 = 80, ¢; = ¢ = c3 = 1, and
p1 = p2 = p3 = 1, so that the sampled rate parameters \; are more likely to begin
with values that roughly mirror the values in Figure 1. The algorithm runs for
100, 000 iterations, after a burn-in period of 10,000 iterations. The results are as
shown in Figure 2.

The estimated change-points are after the June quarter of 1990 and the March
quarter of 2002. The first change-point was a major drop that followed the imple-
mentation of the Road Safety Act (1986), which governs road use and deals with
licensing and road related offences in Victoria. This also lead to the establishment
of the Transport Accident Commission (TAC), which is the statuatory insurer of
third-party personal liability. In 1989 there was also a federal Ten Point Plan to
reduce the number of deaths on Australian roads. The TAC have also launched
successful TV advertising campaigns in Victoria throughout the 1990’s and early
2000’s. In 2000, the National Road Safety Strategy 2001-2010 was developed, with
a target of a 40 per cent reduction in the population rate of road fatalities from
9.3 to 5.6 per 100,000. The Strategy was supported by a series of two-year action
plans. The introduction of this targeted focus on road fatality reduction coincided
with the second change-point seen in the data.

It is difficult to discern exactly what causes the change-points. However, it is

evident that significant shifts in the rate of road fatalities in Victoria have been

28



Fatal Crashes in Victoria Change point 1 Change point 2
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Figure 2: Crash statistics data with Poisson change-point model parameters

observed and assuming that the behaviour of the general population is consistent
over time, it is likely that the introduction and implementation of these major
policy introductions have lead to a significant reduction in road fatality rates. The
model parameter estimates allow us to measure the difference in rates. From the
ratios of the posterior estimates of A\y/A\; and A3/\y, we see that the first change-
point lead to a drop in road fatalities of between 36 and 45 per cent and the second
change-point lead to a drop in road fatalities of between 18 and 26 per cent, at the
95 per cent confidence level. This form of objective feedback to the effectiveness

of major policy decisions is vital to continued high levels of governance.
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2.6 Conclusions

On a practical level, we have seen how the Poisson change-point model can be
estimated for modelling road fatalities, where there are various policies and laws
in place at different times. The model clearly shows shifts in the count levels
towards a lowered rate of fatalities, despite a rise in the population of drivers.
Given the validity of the datapoints, we can conclude that the level of fatalities
has significantly reduced over the past 20 years. It would be of interest to see if
these results held true for other states and territories around Australia, which could
help identify the cause of the decline in fatalities. For example, if the downward
shifts occur around the same time, it could indicate the cause of the decline in
fatalities was due to a federal intervention. On a theoretical level, the results in
this chapter imply that the Gibbs sampler for the Poisson change-point model
will converge at a geometric rate. Thus, given a specific convergence level, the
minimum number of iterations required can be calculated. Although we have
identified a key quality of the convergence rate of the sampler, the calculation
of the specific rate of convergence is left for further research. It would also be
of interest to see if the bounding technique of section 2.4 can be used to prove

geometric ergodicity of MCMC algorithms for other models.
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3 Efficient Bayesian estimation of the multivari-
ate double chain Markov model

Key results of this chapter have been published in Fitzpatrick and Marchev (2013),
which was produced as a key component of this thesis with the overarching theme
of multi-regime models involving Markov chains. The observed data are driven
by different underlying regimes, which switch between each other over time, and
Markov chains are involved in a number of ways. Firstly, in a similar way to the
previous chapter, the estimation procedure is a Markov chain. Secondly, the series
of regimes that are selected over time is a Markov chain, meaning that, conditional
on the current regime, the regime we select for the next time point is independent
to the previous regimes. Finally, the parameters of the observed model are also
Markov chains. This is because the credit rating data that we study have a discrete
state at each time point and the dynamics of their potential migration to other
ratings in the future, given a selected regime, is only dependent on their current
state.

The double chain Markov model (DCMM) is used to model an observable pro-
cess Y = {Yt}thl as a Markov chain with transition matrix, P,,, dependent on the
value of an unobservable (hidden) Markov chain {X;}]_,. We present and justify
an efficient algorithm for sampling from the posterior distribution associated with
the DCMM, when the observable process Y consists of independent vectors of (pos-
sibly) different lengths. Convergence of the Gibbs sampler, used to simulate the
posterior density, is improved by adding a random permutation step. Simulation
studies are included to illustrate the method. The problem that motivated our
model is presented at the end. It is an application to real data, consisting of the
credit rating dynamics of a portfolio of financial companies where the (unobserved)

hidden process is the state of the broader economy.
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3.1 Introduction

Let Y be a set of J elements. For convenience we will denote them with the first J
positive integers; i.e., ¥ = {1,..., J}. Consider a stochastic process {Y;}1_, where
each Y; takes values in ) for t = 0,...,7T. Dependence among such Y;’s, taking
values in a finite state space, can be modeled by Markov chains. For example, the

first order simple Markov chain model can be described as follows:
P((}/iv S 7Y7T)—r = (yla Yo, - - 7yT)T’YE) = Yo, 9)

T
= H Qytflyt )
t=1

where 6 is a J x J transition matrix such that 6;; = P(Y; = j|Y;-1 = i,6) for
t=1,...,T,4,57 =1,...J and the elements in each row of § sum to 1. In other
words, regardless of any external factors that may affect the observations, given
the state y; of the random variable at the current time, it migrates with the same
multinomial distribution of probabilities (0,1, . . ., 8,,s) to the other possible states.
A more rigorous definition of Markov chains in a general state space can be found
in Meyn and Tweedie (1993).

There have been different extensions to the simple Markov chain model that
have emerged in the literature. One of the most important has been the Hid-
den Markov model (HMM) which was first presented in the late 1960’s in Baum
and Petrie (1966) and can be regarded as a Markov chain observed with noise.
More precisely, a HMM is a stochastic process {(Y;, X¢)}o, where {X;}], is a
hidden Markov chain (i.e. unobservable), and {Y;}L, is a sequence of (observ-
able) independent random variables such that the distribution of Y; depends on
X, t=0,...,T. An excellent book on inference in HMM’s is Cappé et al. (2005).

Various applications, in areas such as meteorology, biotechnology, finance and

speech recognition, have motivated the exploration of the properties of HMM'’s.
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For example, Churchill (1989) uses HMM’s to study the sequences of bases on a
DNA molecule and Hughes et al. (1999) study the relationship between observed
rainfall occurrence and broad scale atmospheric circulation patterns via HMM’s.
These models have also been popular in their application to credit modeling in
recent years. Studies such as Giampieri et al. (2005), and Korolkiewicz and Elliott
(2008) use HMM'’s to model credit rating dynamics, by making the assumption
that the observed ratings are not dependent upon previous observed ratings but
rather on the hidden variables, representing the effects of the broader economy. A
good summary of the bibliography on HMM’s can be found in Cappé (2001).
Since the model we consider in this chapter is a version of a HMM, we now
describe the HMM in more detail. Assume that the hidden process {X;}I_, evolves
independently of {Y;}Z_, and is a Markov chain with first-order transition matrix
I1 of dimension a x a and initial state distribution Iy := (mgy, ..., 7oe) . Assume
further that at each time point t = 0,...,7T, depending on the value of the hidden
process x;, there are a finite number, a, of possible distributions of the random
variable Y; that takes values in the set ). We write the mass function of Y; as
P(Y; = w| Xy = 24,0) =04, ,, where © = {0,k =1,...,a, | € Y}, are unknown
parameters. That is, letting § = {IIy, I, 0}, the HMM can be described as

P(yo,...7yT,I0,...,ZL'T|Q) = P(yo,...,yT|.I'0,.. IT,9>P(.’E0,.. ,IT|0>

- P<x0|H0 y0|gzo H yt’xb (xt‘xt—lan)]

t=1

N

T

= 7rOaco‘gaco,yo I I emmyﬂrwtfl,xt-
t=1

These models work well for modeling the heterogeneity of the observed process
over time. However, they do not incorporate any direct dependence between ob-

servations. The logical extension is to allow the hidden Markov process to select
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one of a finite number of Markov chains to drive the observed process at each time
point. This sort of model is known as the double chain Markov model (DCMM)
and was first formally presented in Berchtold (1999). It is basically designed for
modeling non-homogeneous time series. If a time series can be decomposed into a
finite mixture of Markov chains, then the DCMM can be applied to describe the
switching process between these chains. This idea is not entirely new. The first
extension was to combine the HMM with an autoregressive model for the observed
process in Poritz (1982) and later in Kenny et al. (1990). Then Wellekens (1987)
and Paliwal (1993) presented a model, similar to the DCMM for both the continu-
ous case of the HMM and the discrete case respectively. Berchtold (1999) differed
from Paliwal (1993) with a more rigorous derivation of the forward-backward and
Viterbi algorithms involved in the model estimation and also by interpreting the
relation between observed outputs of the model as a non-stationary Markov chain.

There have been extensions to the DCMM presented in Berchtold (1999), in-
creasing the order of the Markov chains as in Eisenkopf (2008). However, this leads
to an explosion in the number of parameters. There exist alternatives to modeling
higher order dependence in Markov chains, such as in the mixture transition distri-
bution (MTD) model presented in Raftery (1985), which presents the conditional
probability of the current state as a linear combination of contributions from each
of a fixed number of past states. An iterative algorithm for the estimation of these
models was described in Berchtold (2002). The DCMM was extended in Eisenkopf
(2008) using the theory of MTD’s in Berchtold (2002) to show that the DCMM can
handle higher order relationships among the hidden states as well as the observed
outputs.

There are alternative generalizations of the HMM, which also take into account
the heterogeneity of mixture models over time. In Lanchantin et al. (2008), the

triplet Markov chain (TMC) model is presented, which can be viewed as an al-
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ternative generalization of HMM’s that is slightly different to the DCMM, where
the non-stationary distribution of the hidden Markov chain was modelled by an
auxiliary process governing the switching of the transition matrix over time (in
the DCMM, the hidden process is time-homogeneous). There are several explo-
rations of the TMC, such as in Pieczynski and Desbouvries (2005) and Pieczynski
(2007). Finally, we point the interested reader to Kirshner (2005), where there is
a detailed description of all levels of generalization from HMM’s to models such
as the DCMM, where there are direct relationships between the observed states,
to non-homogeneous hidden Markov models with autoregressive observed states,
similar to the TMC.

The computational estimation of the DCMM is explored in Berchtold (1999).
Due to the structure of the DCMM, there is no direct formula to compute the
log-likelihood. The problem is solved using an iterative procedure known as the
forward-backward algorithm. The estimation of the model parameters is tradi-
tionally obtained by an expectation-mazimisation (EM) algorithm known in the
speech recognition literature as the Baum-Welch algorithm. Finally, the optimal
sequence of hidden states is computed using another iterative procedure called the
Viterbi algorithm presented in Forney (1973).

This chapter is focused specifically on multivariate time series data, which is
especially relevant in the context of modeling vectors of observations of different
lengths for each time point, such as in credit portfolio applications. The estima-
tion of the hidden states, the model parameters and the hidden Markov process
parameters is from a Bayesian perspective and is carried out using an efficient
extension of the techniques presented in Chib (1996). In order to improve the
convergence speed of the Gibbs sampler used to simulate the posterior density, we
employ the random permutation sampler presented in Frithwirth-Schnatter (2001).

During each iteration of the sampling process, the hidden states are sampled from
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their joint distribution, given the current parameter estimates and the observed
data. Then, we randomly permute the current labelling of the states of the hidden
process. This permutation of the labels is justified and is shown to be optimal us-
ing the recent results of Hobert and Marchev (2008). After obtaining the MCMC
sample, a post-processing algorithm from Stephens (2000), as presented in Boys
and Henderson (2002), is utilised to find the most suitable permutation of the
labels at each run of the sampler so that a consistent form of the model results,
without the non-identifiability arising from label switching.

Our work was motivated by the lack of appropriate models in the context of
credit portfolio modelling. In this setup the hidden Markov process represents
the effects of the broader economy and governs the particular regime driving the
transitions of credit ratings in a large portfolio of firms for each time point. We
apply our model on a dataset comprised of monthly Standard and Poor’s (S&P)
credit rating transitions for a portfolio of globally sourced financial institutions
and insurance companies from the 1st of January 1981 to the 1st of January 2010.
The estimated switching behavior of the hidden Markov regimes selected for each
time point bear remarkable similarities to the behaviour of the global economy
over the last three decades, as explained in Section 5.

The chapter is organised as follows. In Section 3.2 we specify the model and
introduce the notation and background to the theory of DCMM’s. In Section 3.3,
we estimate the model parameters from a Bayesian perspective, using an efficient
Data Augmentation (DA) algorithm in combination with the post-processing al-
gorithms of Stephens (2000) and Boys and Henderson (2002). Section 3.4 displays
the results of the model when applied to simulated data. In Section 3.5 we apply
our model on real data from Standard and Poor’s. Finally, Section 3.6 provides

conclusions and ideas for further research in this area.
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3.2 Model specification

In this section, we describe our multivariate Bayesian DCMM and its parameters
and derive the density function of the complete data set, consisting of both hidden
and observed variables.

Consider data of n random variables observed discretely over time, each of

potentially different lengths. That is, for each ¢ = 1,...,n, we observe a vector,
(Yiways - - Yiom;) ", where u; < m;. Define
uy = 1r§nz'1§nn{ui}’ and M := 112;&;;{7711}

and note that the times u; and m; may vary over the entire observation period
from uyg, ..., M with the only restriction that m; —u; > 1,2 =1,...,n.

Assume that for each ¢+ = 1,...,n and each time point t = u,,...,m;, the
random variable Y;; € Y, where Y = {1,...,J}, and is modelled as dependent
upon the value at the previous time point, y; ;—1), as well as on a hidden state,
ay, for that time point. We assume that the hidden process X = {X,}}L, is
a Markov chain with first-order transition matrix I of dimension a X a, where
g = P(Xe = h| X4y =g) for g,h=1,...,aand t =up+1,...,M. We let the
first hidden state X,, be selected from a multinomial distribution with vector of
probabilities 7 = (r1,...,74)". We also assume that the observable process is a
Markov chain with a possible transition matrices Py, ..., P,, each of order J x J,

such that for a given hidden state x;, the elements of the transition matrix P,, are
Pz, ik = P(Y;,t = k?|Yi,(t—1) = jv Xt = $t),

fori=1,....,n, t=wu;+1,...,m;.

For each random variable, we consider the time of initial observation u;, the
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initial observed state y;,, and the number of consecutive time-points that it was
observed m; — u; + 1 as fixed so all inference is conditional on those values. We
denote the collection of all parameters in our model by 6 and observe that 6 €
O, where © is the d-dimensional hypercube with d equal to the number of free
parameters in the model, since all parameters are probabilities between 0 and 1.
Conditional on X, each of the random variables are modelled independently
of each other. For each i = 1,...,n, if we define y; := (¥ (ui+1), - - - Yim:) , then

we consider the following hierarchical Bayesian model:

P(yi,‘yiﬂtw Z, 8) = P(yi,(ui+1)’yi,ui7 ‘xuz‘—i-l) Xoeee X

Yi,(m;—1), xml)

P(@]6) = P(24)P (a1 |a) X -+ (10)

X P(yi,mi
X P(IM|IM_1)
P(0) = P(r)P(INP(Py) ... P(F.),

where, similarly to Chib (1996), the priors on r, II, P;,..., P, are Dirichlet as

follows:

T~ D(Oéol, Ce ,Oéoa)
ind )
(ﬂ-ila-"yﬂ-ia) 124 D(Oéil,‘..,Oéia%’L = 1,...,@
ind

(Praty -+ yp1ag) ~ D(aagg,...,o000),l=1,...,J

ind
(pa,l17 v 7pa,lJ) lrnv D(aa,lla cee 7aa,lJ>;l = 17 ey ‘]a

and the a’s are given constants. More details on how priors are chosen for HMM'’s

can be found in Subsection 13.1.2 of Cappé et al. (2005).
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Then the model for Y := (Y, ,...,Y,) is

P(y|y07$,9) = HP<yi,‘y’i,Ui7$70)7 (11)
=1

where ¥y = (Y1115 -+, Ynw,)  and P(z]0) and P(6) are as specified in (10).

From equation (10) the joint mass function of Y; and X given y;,, and 6 is:

P(yi,’ $|yi7ui7 9) = Txuo quoxuo-&-l ct quixui-‘rlpxui-‘-l7yi,uiyi,(ui+1)

X X Mgy, 11'm,p33m1 vi, (mﬁnyi my 0 Moy 1wy

_ - Ly () {(@r_1.003(9R)
L ] IR

t= uo+lg 1h=1

t=u;+1 =1 j=1 k=1

where I4(z) is the usual indicator function of a set A.
Next, we utilise the fact that the random vectors Y; for ¢ = 1,...,n are
independent, conditional on the hidden process X, when deriving the joint mass

function of all random variables Y and X:

P<y7w|yo; [H l{zuo} ] [ H HH e 1xt)}(gh]

t=uo+1 g=1 h=1

m; a J J .
I{(yi’(t_l)ayi,tvmt)}(j’k l
«|T1 IT TTIITL0

i=1 t=u;+1 l=1 j=1 k=1

We are interested in exploring the posterior density f(0|y) := f;zﬁ), where
f(y,0) and f(y) are defined from (13) and (10) as

wexm
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and f(y) = [ f(y,0)df with X™ being the m-tuple product of the set {1,...,a}
with itself. Here, m = M — uy + 1. Of course, given the nature of P(y, x|y, 0)
in (13) and the summation in (14), direct calculation of f(f|y) is impossible;
however, as explained in the next section, it is possible to construct an efficient

MCMC algorithm to obtain approximate draws from it.

3.3 Estimation of the model parameters

The target density f(f|y), as defined in the previous section, is not available in
closed form, but can be presented as the #-marginal density of f(0,x|y), where
f(0,x|ly) = %&?Pw). Therefore, we will employ the data augmentation (DA)
algorithm of Tanner and Wong (1987) to obtain approximate draws from it. Thus,

we run a two-stage Gibbs sampler that alternates between sampling from

P(aly, 0) = % (15)
and
P(0]z,y) = % (16)

where f(x|y) is the x-marginal density of f(0,x|y). The exact forms of (15) and
(16) are derived in the next two subsections.

It is well-known that in Bayesian mixture models, there is the so called problem
of “label switching”, which means that the target posterior density is multi-modal
and the sampler can easily get stuck in one of the modes (or explore the modes ir-
regularly). We remedy this issue by performing an additional step, which randomly
permutes the labels after sampling from (15). This random permutation step was
introduced in Frithwirth-Schnatter (2001) and further analyzed in Hobert et al.
(2011) as being a special case of the general scheme for improvement of DA algo-

rithms, presented in Hobert and Marchev (2008). What we will show in Subsection
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3.3.3 is that this extra step is also optimal in the sense of Hobert and Marchev
(2008), as being constructed via a group action on X™ with the appropriate Haar
measure.

Finally, the parameters 6 are estimated as posterior means, calculated from
the output of the modified DA algorithm, after a post-processing step is applied
(as detailed in Subsection 3.3.4).

3.3.1 Sampling from P(z|y,0)

Chib (1996) developed a method for simulating the hidden states «, given a par-
ticular 7 € {1,...,n} and a single vector of observed data, y, . We will generalise
this algorithm to a set of multiple vectors y, ,...,y, of different lengths.

For ug < t < M define

Ty = (Tygy- -, T4)
x' = (vy,...,20)
Y= U {(yz‘,ui, . 7yi,min{t,mi}>}
i<t
yt = U {(yi,max{tJrl,ui}a . ayi,mi)}
it<m;

y(t) :={yis} for all i € {1,...,n} with u; <t < my,

and note that the first, third and fifth definitions are also valid for t = M.

The following lemma is used to derive P(x|y, 6):

Lemma 3.1. Fort =wugy,...,M — 1 we have

P(%H\xt,y,tﬁ) = P(xy1|ze, IT).
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Proof. For all t = ug,...,M — 1 we have

LHS = P(zy11|24, Yo 0)

_ Py loe, w41, 0)P(441|24, 0) — P(z011]21, 6)
a P<y,t|xt>6) B R

since, by the definition of the model in (10), the observable data up to any such time
t is not dependent upon the unobservable data at time ¢t + 1 and only dependent

on the unobservable data up to time ¢ and 6. Then,
P(ia|ze, 0) = P(2ega|we, 1)

since, by the definition of the model in (10), the unobservable data is driven by
a hidden Markov chain with transition matrix II that is not dependent upon the

other parameters. O
Our main result about sampling from P(x|y, #) follows.

Theorem 3.2. For data of independent vectors {Y; }I, the joint distribution,
P(x,y,0), of the hidden data, the observed data and the parameters is given by

P<m7y70) = P(w—M|y,M’0> X P(xM|y,M—179)f (y(M)|y,M—170xM)
M-1

x [ Pl TPy, 1,0)f (y(®)ly, 1.0,)

t=ug+1
X P (L 1| Tug, )P (ug|7)
with
Plaily,1.0) = ZP@t’xtfl =L INP(xe1 =1y, 4,9).
=1

Remark: Note that from the above only P(z|y; ;,0) needs to be calculated
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and the remaining components are from the model specified in equations (10) and

(11).

Proof. The joint mass function of the hidden states, given the parameters and the

observed data as vectors at each time point is

Pz |y 1. 0) = Plem|yar, 0) X ... XP(zely p, 1, 0) - - X P2y pp, 01, 0).
The “typical term” can be written as

P(ziy o, @™,0) = Py, y™ =™, 0)

Pz, y" Uy, 20, 0)P(2]y 4, 0)
P(att!, yt+! |y7t’ 6)
P(z41, x!t? gyttt ’y,tv 1, 0)
P(thrl’ytJrl‘y .0)
P2 y"™ My, 20, 0041, 0)
P(xtt t+1|y ,0)
P(z t+2:yt+l|yt7$t,$t+1,9)
P(xtt t+1|y7t’ 0)

= P(xt|y,ta 9)

= P(xt’y,tae)P($t+1‘wtay,tae)

= P(xt’y,tae)P(xtJrl‘xtaH)

Pat+2 gyt 1y , a1,2041,0)
P(mt+1 ’yt+1 ‘y,tae)

independent of x; and thus can become the normalising constant. That is,

by Lemma 3.1. Now,

depends only on x;,1, and is therefore

P($t|y,Ma wtﬂ, 0) o P($t|y,ta O)P(zey1|ze, IT). (17)
We continue, in more detail, to show

P<xt’y,t> 0) = P<It|y,t—1> y(t),0)
Py, 1, 0)P(y(t)|ze, y 41, 0)
P(y(t)|y,-1,0)

)

X P(xt‘y,t—lv 0 f(y(t”y,t—la Oc,)-

(18)
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By the law of total probability and Lemma 3.1, we have

P("L‘t|y,t7179) = ZP<$t|fEt—1 = lay,tflag)P<xt—1 = l|y,t7179)
1=1

= Y Plxlzy =1L Pz =1y, 4,0)
=1

and consequently from (17) and (18),

Py ar, @™,0) oc Plapala, 1) | Y Ploleey =1, TP(w = ly,_,,0)
=1

<f (Y)Y, 1,6a,) -

This is initialized at t = ug by setting P(zo|y 5s,0) = P(14,|r) to be the same as
the Dirichlet prior on D(apy1, - .., 0gq). O

3.3.2 Sampling from P(f0|x,y)

Define

noy = Iz, 1 (1), 1=1,...,q,

M
ngh = Z [{(wtq,%)}(g?h)v g,hzl,...,a,

t=ug+1

N jk = Z Z [{(yi,(t—1),yi,t,wt)}(j7 k1),

i=1 t=u;+1

for jk=1,...,J, I=1,...,a.
Then from Equation (13), combined with the Dirichlet priors, it can be seen

that P(f|x,y) can be simulated separately and independently for r, IT and all the
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P’s as follows:

rle,y ~ D(ags+noi,..., Q6+ Noa)
77-117--~77T1a|x7y ~ D(Oé11+n11,...70é1a+n1a)
7Ta1,---a7Taa|=’Bay ~ D(aa1+na1>---aaaa+naa)-
For the parameters for the observed process in each regime [ = 1, ..., a, this yields
Piat, - ool y ~ D +na, - s +n01g)
Pty pigale.y o~ Do+, 00 + 1)

3.3.3 Extra permutation step

To improve the convergence properties of the DA algorithm at each iteration of
the Gibbs sampler, we conduct a random permutation of the labels, as detailed in
Frithwirth-Schnatter (2001). Here we show that this extra step is justified and is
optimal in the sense of Hobert and Marchev (2008). What they denote by Y is
our X™ and what they denote by X is our ©.

From (14) it can be seen that the posterior of interest, f(6|y), is the §-marginal
density of f(x,0|y); i.e., f(Oly) =D pexm [(2,0ly) = [, (2, 0|y)u(dx), where
1 is the counting measure on X™. Clearly, this form of the target density allows
for construction of the optimal Haar PX-DA algorithm, as defined in Hobert and
Marchev (2008). Here we will show that the random permutation sampler of
Frithwirth-Schnatter (2001) is a specific case of the Haar PX-DA algorithm.

In our case X = {1,...,a} and the space X is the m-tuple product of X with
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itself:

X" ={(x1,...,¢p) ;€ X,i=1,...,m}

={1,...,a}™

where m = M —up+1. Notice that X', as any other discrete space, is a particularly

simple topological space, equipped with the discrete metric

d(z, &) = . Yoz, @ Xm

= o
8
I
ol

8
N
ISR

Any discrete space with discrete metric is separable and locally compact and
all subsets are open (and closed). In addition, we need to define a group action on

X™. Let G be the symmetric group on the set X; i.e.,

G := Sy := {permutations of (1,...,a)},

again equipped with the discrete metric. Finally, define the group action on X™

as

F(g,z) = gx = (g(x1),...,9(zm)),

which just permutes the values of the labels. (For example, if J = 3, @ =
(3,2,1,1) € X%, and g = (2,3,1), then gz = (1,3,2,2).) Then for the identity
permutation e, we have ex = (z1,...,x,) = @, and for any two permutations ¢
and go, (g192)x = g1(gox). As a multiplier we take x(g) =1, V g € Sy. Then,
obviously, x(g192) = x(91)x(g2). It is easy to see that u is relatively invariant,
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since for any integrable function h we have:

) [ gwulde) = Y higz) = 3 hia) (19)

xreXm rexm

_ /m h(e)p(de).

Note that (19) follows from the fact that A;" := {gx : * € A™} = &A™, since for
any © € X™, there exists £ = g~ ' such that g& = x. The last piece of the Haar
PX-DA setup is the function j : g x X™ — R, defined as j(g,x) = 1. Also notice
that the Haar measure on the symmetric group is the counting measure v(dg).
After all this, the Haar PX-DA will iterate between the following three steps to

move from the current #’ to the next 0:
Loz ~P(x|d,y);

2. g~ x(9)P(gzly) = P(g(21), ..., 9(xm)|y). Set &’ = ga;
3. 0~ f(O)z).

Notice that step 2. in the above algorithm reduces to choosing a random per-
mutation on X with probability &, as long as the @-marginal density P(z|y) is
symmetric under permuting the values of x4, ..., x,,. This may sound very restric-
tive and impractical but it is equivalent to the well-known random permutation
sampler developed in Frithwirth-Schnatter (2001) and used to remedy convergence
problems of MCMC algorithms used in mixture models and HMM’s. The condi-
tion that P(x|y) is symmetric under permutations is easy to check and is generally
satisfied under model (10) combined with Dirichlet priors with equal parameters.
Since the above derivations show that the extra step of randomly permuting the
labels is obtained under the conditions of Theorem 4 from Hobert and Marchev

(2008), the resulting Markov chain will have smaller asymptotic variance and bet-
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ter mixing than the regular DA algorithms. Further theoretical developments

about the extra step can be found in Khare and Hobert (2011) and Roy (2012).

3.3.4 Post-processing algorithm

In general, the posterior densities of each of the parameters can have a different
modes, meaning that simply taking the posterior means would not yield a useful
estimate. Since we cannot directly use the posterior mean as an estimate, it
is necessary to either impose artificial identifiability constraints to each of the
components in the model or to employ a post-processing algorithm to ensure that
the labels of the hidden states are consistent for all iterations. Stephens (2000)
details how the first approach generally fails to deal with the problem of label
switching in mixtures. We therefore use the post-processing algorithm of Stephens
(2000) to ensure consistency in the labeling of the components in our model.
This algorithm attempts to relabel the parameters for each iteration & =
1,..., N so as to minimize the expected loss under a class of loss functions. These
loss functions are defined in the decision theoretic framework outlined in Stephens
(2000). The specific version we use is as described in the relabelling algorithm in
Figure 3 on page 247 of Boys and Henderson (2002). Initially for each iteration
k =1,...,N of the original Gibbs sampler, the post-processing algorithm seeks
out the particular permutation of the labels that minimizes the number of labels
that differ from the selected labels of the previous iteration £ — 1. Then this per-
mutation of the labels is applied to the parameters that were sampled at iteration
k. Finally, for the selected labels at each time point t for ¢t = uq, ..., M, the label
to be selected is the mode of all of the labels at ¢ that have been selected over all

of the previous iterations 1,..., k.
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3.4 Simulation studies

In this section we illustrate the performance of our algorithm on simulated data.
It consists of two parts - estimating parameters and estimating the whole poste-
rior density. We also compare various performance measures of the Haar PX-DA
estimation procedure to the DCMM estimation procedure outlined in Berchtold
(2002). We used R to program our algorithm and we used MARCH 3.0 for Berch-
told’s method.

3.4.1 Parameters Estimation

In this subsection we opted for large sample sizes, so that the parameter estimates,
calculated as the posterior means, will be close to the values used to simulate the
data. We tried many combinations of a and J and all of them performed similarly.
Here we present the result for one of these settings.

We simulated data from the multivariate DCMM using equations (11) and (10)
with n = 500 random vectors, a total of m = 300 possible time points, a = 2 hidden
states and J = 4 possible observed states. For ¢« = 1,...,n, the random vectors
Y, were simulated with different starting times u; and ending times m,, selected
uniformly from 2 to m. The data were simulated using the following transition

matrices:
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0.80
04 0.6 0.15
P
0.2 0.8 0.05

S
I
=%
I

0.01

0.80
0.10
0.01
0.01

0.16
0.65
0.10
0.01

0.15
0.85
0.15
0.01

0.03
0.15
0.60
0.01

0.04
0.04
0.75
0.01

0.01
0.05
0.25
0.97

0.01
0.01
0.09
0.97

In this case II was motivated by our real data example, presented in the next

section, and P;" and P; were intentionally chosen to be similar to each other so

that it would be difficult for the algorithm to distinguish between the two regimes.

The a’s of each Dirichlet prior were all set to 1.

We ran our Haar PX-DA procedure for 40,000 iterations. Even with such a

high number of iterations and with such large values for n and m, this took only

22 minutes on a Pentium E6550 processor at 2.33 Ghz using our non-optimised R

code. The estimates of the parameters, I, P, and P,, were then obtained as the

posterior means of the corresponding distribution (after the post-processing was
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applied). The results for a = 2, J = 4 were as follows:

. 0.4323 0.5677
0.1725 0.8275

0.7935 0.1610 0.0346 0.0109
» | 0-1508 0.6551 0.1485 0.0456
0.0535 0.1047 0.6114 0.2304
0.0082 0.0135 0.0093 0.969

(21)

0.8064 0.1407 0.0416 0.0112
» | 0.0991 0.8465 0.0437 0.0107
0.0087 0.1465 0.7477 0.0971
0.0108 0.0107 0.0111 0.9675

We notice that upon comparison to the true parameter values in (20), the
estimated values in (21) are remarkably accurate, especially since the true values
of the two components driving the simulated data were quite similar.

The eventual level of accuracy of the parameter estimates clearly depends on
the level of separation between the two components. We conduct this simulation
with similar components, such as in the real example in Section 3.5, to illustrate
the approximate accuracy of the parameter estimates that can be obtained with
an appropriately large amount of data.

It is also worth mentioning that the posterior estimates obtained without the
extra permutation step were not very different from those obtained with the per-
mutation step. The reason for this is the use of the post-processing algorithm,
which plays a similar role to that of the extra step - it reduces the autocorrelation
of the Markov chain. However, as we demonstrate in the next subsection, the

extra permutation step greatly improves the overall posterior density estimates.
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Furthermore, while the extra permutation has been completely justified theoret-
ically in Hobert and Marchev (2008), there is very little proved in the literature
about the post-processing algorithm. Lastly, it should be mentioned that the post-
processing benefits come at a very “steep” price in terms of computation time -
roughly the same as to run the DA algorithm, whereas the Haar PX-DA’s extra

step just takes a couple of extra seconds overall.
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Figure 3: Histograms of some of the posterior densities, before post-processing
algorithm is applied. The dotted lines in the graphs are the locations of the true
values used to simulate the data

In Figure 3, we see that, before post-processing is applied, there is a clear
bi-modal form to the posterior densities. The dotted lines in the graphs are at
the true values used to simulate the data. We see in Figure 4 that after the

post-processing algorithm of Stephens (2000) as described in Boys and Henderson
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(2002) is run, the bi-modal form of the posterior densities is no longer present, so
the mean of the posterior samples over all iterations would be a suitable estimate

for each parameter in the model.
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Figure 4: Histograms of some of the posterior densities, after post-processing
algorithm is applied

3.4.2 Posterior Density Estimation

To illustrate the benefit of employing the extra permutation step in our Haar PX-
DA procedure compared to the standard DA (no extra step) procedure in obtaining
estimates for the posterior densities of each of the parameters, we conducted further
simulations with a smaller amount of data and a smaller number of iterations,

varying the number of hidden components a and the number of observed states J.
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The metric for comparing the posterior density estimates f (x), from the algo-
rithms with and without the extra permutation step, to the “true” posterior f(x)
was the integrated squared error (ISE), defined as ISE = [ [f(z) — f(2)]2dz. We
simulated data from the multivariate DCMM using equations (11) and (10) with
n = 30 random vectors, and a total of m = 400 possible time points. The number
of hidden states a and the number of observable states J were varied between 2
and 4 to investigate the efficiency of our algorithm with 10, 000 iterations. Various
transition matrices were used to simulate the data in each case. Since we know
in the theory from Hobert and Marchev (2008) that the Haar PX-DA procedure
is at least as efficient as the standard DA procedure in this setting, the posterior
distributions are assumed to converge towards those obtained by using the Haar
PX-DA procedure with 300, 000 iterations, which we will call the “true” posterior
distribution. No post-processing was used as we did not need the posterior means
in this study. Table 1 summarizes all of the simulations, where the sum of the ISE

for the elements in each matrix is displayed for comparison.

a | J | Perm 1I P Py P3
213 ] Yes | 0.05147 | 0.34813 | 0.30698 -
2|13] No 2.65665 | 18.70867 | 19.00292 -
313 ] Yes | 0.20895 | 2.28660 | 2.41501 | 2.33394
313 No 11.0752 | 153.974 | 31.3304 | 25.1975
314 Yes | 2.03327 | 3.90679 | 3.52574 | 3.03290
314 No 14.2823 | 237.698 | 43.7094 | 41.4116

Table 1: Sum of the ISE for each element of the transition matrices for various
simulations, using the estimation procedure with and without the extra permuta-
tion step, denoted by Perm=Yes and Perm=No respectively.

We see in Table 1 that by using our Haar PX-DA procedure, with the extra

permutation step, we can obtain much better approximations of the posterior

density estimates for the parameters than with the standard DA procedure with
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the same number of iterations. Although the results display the sum of the ISE for
the elements in each matrix in the simulations, it must be noted that the Haar PX-
DA procedure was superior for estimating parameters from the posterior density
for every parameter in the model. We also note that if we use the standard DA
with 300,000 iterations as a benchmark, then the results for the case a = 2,.J =3
are almost unchanged. However, in the other two cases the standard DA was still

stuck in one of the modes even after 300,000 iterations.

0 0.25 0.5 0.75 1 a 0.28 0.5 0.75 1
Index Index
Loy Paiz

I T I T 1 I T T T 1
] 0.25 0.5 0.78 1 ] 0.28 0.5 Q.78 1

Index Index

Figure 5: Posterior density estimates for parameters in the simulation where n =
30, m =400, a = 2, and J = 3. The true posterior density is in black, the estimate
with the permutation step is red and the estimate without the permutation step
is green
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We further illustrate the difference between the estimation procedures in Figure
5, which displays the estimated posterior densities obtained by our Haar PX-
DA procedure, the standard DA procedure and the true posterior estimates for
a selection of the parameters. These parameters are from the simulation where
n =30, m =400, a = 2 and J = 3, corresponding to the first two rows of Table 1.
It is clear in Figure 5 that the standard DA procedure is not as efficient in sampling
from all modes of the posterior distribution as the Haar PX-DA procedure, which
employs the extra permutation step. In some instances, such as in P; for the a = 2,
J = 3 simulation, the standard DA procedure estimates the posterior densities very
poorly, compared to our Haar PX-DA procedure. This is due to the fact that the
posterior densities for the parameters in such mixture models are multi-modal due
to the invariance of the likelihood under label permutations. However, it can so
happen that the standard DA procedure predominantly samples from one of the

modes, leading to a poor estimate of the posterior density.

3.4.3 Comparison to MARCH 3.0 software

In this subsection we compare the performance of our Haar PX-DA procedure
to the standard DCMM estimation procedure outlined in Berchtold (2002). The
algorithm for our estimation procedure was written using the R programming lan-
guage. The procedure in Berchtold (2002) has been implemented into a publicly
available software package called MARCH 3.0.

The first comparison between the two procedures was done using a real dataset,
presented in Azzalini and Bowman (1990). This dataset consists of a sequence of
299 successive observations of either long or short duration eruptions of the Old
Faithful geyser in Yellowstone Park, USA, during the period 1-15 August, 1985.
Using 100 expectation-maximisation (EM) iterations, the MARCH 3.0 software can

fit a first order DCMM in under 10 seconds on a standard PC to this dataset with

26



a=2,J=2n=1and m = 299. The log-likelihood is —124.421 and the BIC is
271.582. The first order DCMM was also fit using our Haar PX-DA procedure with
100 iterations in R. This was also completed in under 10 seconds on a standard
PC and yielded a comparable fit, with a log-likelihood of —128.151 and a BIC of
290.424. Upon calculating the log-likelihood of the observations, conditional on
the estimated path of hidden states, the Haar PX-DA procedure yields a slightly
better result of -33.792 compared to -40.779 from using the MARCH 3.0 software.
We also compared the two estimation procedures on a simulated data set from
a first order DCMM with known parameters. With a = 2, J = 2, n = 1 and

m = 300, the true parameters were as follows:

) 09 0.1
005 095 |

) 0.85 0.15 ) 04 06
02 0.8 0.75 0.25

We then estimated a first order DCMM on this simulated dataset, using both the
Haar PX-DA procedure and the MARCH 3.0 software. The performance results

were as follows:

MARCH 3.0 | Haar PX-DA

SSE 0.1168266 0.0398213
Cond. Log-Likelihood -150.1 -155.5
Log-Likelihood -201.1 -191.8
BIC 436.4 417.8
Regime Error Rate 0.179 0.179
Computation Time 63 seconds | 55 seconds
Software MARCH 3.0 R

Table 2: Performance comparison between our Haar PX-DA procedure to the
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standard DCMM estimation procedure outlined in Berchtold (2002) on a simulated
dataset.
Note: The sum of squared errors (SSE) is just the sum of squared differences of

all parameters used to simulate the data and their estimates.

The results in Table 2 show that our estimation method not only allows fur-
ther practical applications due to its flexibility with data types but it can also
improve the accuracy and fit of parameter estimates in some cases, compared to
the procedure presented in Berchtold (2002). This is of great importance to prac-
titioners who constantly deal with irregular data sets and also require accurate

model estimation.

3.5 Applications to Standard and Poor’s credit rating data

In this section we use our model on a real dataset. The data to be analysed
are the monthly Standard & Poor’s credit rating transitions of n = 3,918 firms,
ranging from the 1st of January 1981 to 1st of January 2010. Since the economic
conditions vary across different industries, our model is most meaningful when
applied to similar firms only; in this case all firms are financial institutions and
insurance companies.

We decided to fit a model with a = 2 since it is a well-accepted theory that the
economic cycle fluctuates between two regimes: “expansion” and “contraction”.
The value of J is 10, corresponding to 10 levels of credit ratings: AAA, AA, A ...,
D. We ran our MCMC algorithm for 50,000 iterations and the results are shown
in Table 3 with Component 1, corresponding to “contraction” and Component 2

to “expansion”:
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Hidden Matrix

Component 1

Component 2

Component 1 0.6897 0.3103
Component 2 0.1083 0.8917
Component 1
AAA AA A BBB BB
AAA || 0.9859 | 0.0126 | 0.0003 | 0.0003 | 0.0002
AA 0.0006 | 0.9793 | 0.0196 | 0.0002 | 0.0001
A 0 0.0012 | 0.9881 | 0.0098 | 0.0005
BBB || 0.0001 | 0.0004 | 0.0028 | 0.9856 | 0.0094
BB 0.0002 | 0.0002 | 0.0003 | 0.0044 | 0.9745
B 0.0003 | 0.0003 | 0.0005 | 0.0003 | 0.006
CCC || 0.0012 | 0.0012 | 0.0012 | 0.0035 | 0.0024
CcC 0.011 | 0.0111 | 0.011 | 0.011 | 0.011
C 0.052 | 0.0516 | 0.052 | 0.0523 | 0.0517
D 0.0103 | 0.0103 | 0.0102 | 0.0103 | 0.0102
B CcCccC CcC C D

AAA || 0.0001 | 0.0001 | 0.0001 | 0.0001 | 0.0001
AA 0.0001 | 0.0001 | 0.0001 | 0.0001 | 0.0001
A 0.0001 0 0 0 0.0001
BBB || 0.0006 | 0.0003 | 0.0002 | 0.0001 | 0.0006
BB 0.0165 | 0.0022 | 0.0008 | 0.0002 | 0.0009
B 0.9651 | 0.017 | 0.0038 | 0.0003 | 0.0066
CCC || 0.0096 | 0.9298 | 0.0147 | 0.0023 | 0.0343
CC 0.0111 | 0.0282 | 0.6694 | 0.011 | 0.2252
C 0.052 | 0.0522 | 0.0527 | 0.4295 | 0.1541
D 0.0102 | 0.0103 | 0.0103 | 0.0102 | 0.9077
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Component 2
AAA AA A BBB BB
AAA || 0.9944 | 0.0049 | 0.0003 | 0.0001 | 0.0001
AA 0.0005 | 0.9948 | 0.0044 | 0.0002 0

A 0 0.0029 | 0.9943 | 0.0024 | 0.0001
BBB 0 0.0003 | 0.0053 | 0.9912 | 0.0027
BB 0 0.0003 | 0.0003 | 0.0072 | 0.9863
B 0.0001 | 0.0001 | 0.0002 | 0.0008 | 0.0096

CCC || 0.0004 | 0.0004 | 0.0004 | 0.0004 | 0.0017
CcC 0.0067 | 0.0067 | 0.0066 | 0.0066 | 0.0067
C 0.0338 | 0.034 | 0.0337 | 0.0338 | 0.0336
0.0037 | 0.0037 | 0.0037 | 0.0037 | 0.0038

B CCC CcC C D
AAA 0 0 0 0 0
AA 0 0 0 0 0
A 0 0 0 0 0.0001
BBB || 0.0003 0 0 0 0.0001

BB 0.005 | 0.0004 | 0.0001 0 0.0004

B 0.9834 | 0.004 | 0.0007 | 0.0001 | 0.001

CCC || 0.0206 | 0.9568 | 0.0028 | 0.0004 | 0.015

CcC 0.0201 | 0.0225 | 0.8102 | 0.0067 | 0.1073

C 0.0339 | 0.0337 | 0.0338 | 0.6609 | 0.0689
D 0.0037 | 0.0037 | 0.0037 | 0.0037 | 0.9664

Table 3: Estimated transition probabilities from the Standard and Poor’s credit
rating data (that is, 7, P, P,).
Note that the transition probabilities between the hidden economic cycles are

estimated remarkably close to the well-established transition probabilities given in
Bangia et al. (2002). Note also that the two estimated transition matrices for the

observed process under the two different hidden regimes are quite different to the

60



transition matrix obtained by assuming the simple Markov chain model in Table

4.

Simple Markov Chain Transition Matrix
AAA AA A BBB BB
AAA || 0.9929 | 0.0068 | 0.0002 | 0.0001 0
AA 0.0005 | 0.9914 | 0.0079 | 0.0001 0

A 0 0.0025 | 0.9931 | 0.004 | 0.0002
BBB 0 0.0003 | 0.0048 | 0.9903 | 0.0041
BB 0 0.0002 | 0.0002 | 0.0064 | 0.9842
B 0 0.0001 | 0.0002 | 0.0006 | 0.0086
CCC 0 0 0 0.0006 | 0.0013
CC 0 0 0 0 0
C 0 0 0 0 0

0 0 0 0 0

B cCcC CC C D
AAA 0 0 0 0 0
AA 0 0 0 0 0
A 0 0 0 0 0.0001
BBB || 0.0004 | 0.0001 0 0 0.0002

BB 0.0076 | 0.0007 | 0.0002 0 0.0004
B 0.9803 | 0.0068 | 0.0013 | 0.0001 | 0.0021
CCC || 0.017 | 0.9547 | 0.0055 | 0.0003 | 0.0205

CC 0.009 | 0.0179 | 0.8161 0 0.157
C 0 0 0 0.8966 | 0.1034

Table 4: Estimated transition probabilities using a simple Markov chain (SMC)
model from the Standard and Poor’s credit rating data
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Figure 6: Mean value of selected components over all iterations with S&P data
along with the Dow Jones Industrial Average closing price linearly scaled for com-
parison. The DJIA is red for periods that our model estimated as a “contraction”

and green for periods that our model estimated as an “expansion”

We also draw attention to Figure 6 representing the mean estimated regime

of the hidden process for each time point superimposed with the Dow Jones In-

dustrial Average (DJIA) index. In particular, it can be seen that Component 1

(corresponding to downturns of the economy) was selected, at times correspond-
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ing to well-known economic downturns in the financial services industry. Similarly,
Component 2 tends to be selected during growth periods. More specifically, in the

last 30 years of finance history there are a number of notable events. These include:

1. Savings and Loan Crisis (Early 1980s)

2. Black Monday (October 1987)

3. Economic Recession (1990-1991)

4. Asian financial crisis (1997-1998)

5. Dot-com bubble (1995-2001)

6. Dot-com bust and September 11 terrorist attacks after effects (2001-2002)
7. United States housing bubble (2002-2008)

8. Global Financial Crisis (2008-2010).

It must be noted that although the parameters of the model are estimated from
the observed credit rating data, the hidden states sampled at each time point bear
a remarkable resemblance to the above-mentioned events in the history of finance.
Therefore, the intuitive expectation of the effect that a hidden economic state has
on the migration behavior of a large portfolio of firms is captured in the model.
This is of extreme importance for practitioners before confidence can be placed in
a model’s forecasting abilities.

In comparison to our results, Bangia et al. (2002) considers a DCMM-type
model applied to credit modeling, where the hidden states are known to be either
an expansion or a contraction of the economy. The observed credit ratings of
firms are driven by a process, which switches between two Markov chains (one for
each state of the economy). The hidden states are directly observed from macro-

economic data and the parameters of the hidden transition matrix are estimated
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independently of the observed credit ratings. However, this model is not a single
integrated HMM but rather two separate simple Markov chain models that may
not be able to detect true heterogeneity in transition behavior. We were able to
estimate the underlying transition matrix of the hidden process quite well without
relying on observations of economic variables but entirely from the observed credit
ratings data.

Since practitioners are often concerned with the one year default probabilities of
a portfolio of firms (i.e. migration probabilities into the D credit rating category),
we now utilise the estimated model parameters and the simple Markov model in
Table 4 to predict the expected proportion of defaults in each credit rating from
AAA to C, after 12 months. This method is employed in Jarrow et al. (1997) and
can potentially incorporate a model for the term structure of default rates. The

results are displayed in Table 5 for the following scenarios:

1. Firms migrate according to the estimated hidden Markov model, conditional

on the first month migrating by Component 1 (C1).

2. Firms migrate according to the estimated hidden Markov model, conditional

on the first month migrating by Component 2 (C2).
3. Firms migrate according to the Simple Markov Chain model (SMC).

4. Firms migrate according to the estimated hidden Markov model, conditional

on all of the next 12 months migrating by Component 1 (Worst).

5. Firms migrate according to the estimated hidden Markov model, conditional

on all of the next 12 months migrating by Component 2 (Best).
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Annual Expected Default Rates

C1 C2 SMC | Worst Best
AAA || 0.0017 | 0.0002 0 0.0025 0
AA 0.0017 | 0.0002 | 0.0001 | 0.0024 0

A 0.0015 | 0.0012 | 0.0012 | 0.0017 | 0.0012
BBB || 0.0074 | 0.002 | 0.0027 | 0.0103 | 0.0013
BB 0.0203 | 0.0072 | 0.0079 | 0.0285 | 0.0057

B 0.0901 | 0.0269 | 0.039 | 0.1211 | 0.0178
CCC || 0.3121 | 0.1844 | 0.2253 | 0.3654 | 0.1636
CC 0.6895 | 0.5672 | 0.7936 | 0.716 | 0.5407

C 0.3591 | 0.2785 | 0.7301 | 0.3772 | 0.2645

Table 5: Forecasted 12-month default rates from the Standard and Poor’s data
We see in Table 5 that with the DCMM, we are able to provide more informa-

tion about future default rates of firms with each of the Standard and Poor’s credit
ratings, than with the traditional SMC approach. Since the DCMM has estimated
two migration matrices for the observed states, one with favourable (stable) mi-
grations and the other with unfavourable (unstable) migrations, we are able to
obtain lower and upper bounds of yearly default rate outcomes for each of the rat-
ings, denoted by the Worst and Best columns of Table 5 respectively. Note that
the default rates in the columns for C1, C2 and SMC all lie within the forecasted
range, apart from the CC and C credit ratings, where there are not very many

historical observations.

3.6 Discussion
3.6.1 Conclusions

In the practice of modelling multivariate panel data-sets with a large number of

independent random variables observed over many time points, it is often clear that
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there is a need to model the time heterogeneity of the migrations of observations.
The particular source of this heterogeneity is particularly difficult to estimate and
model directly from the observed data. Allowing a hidden state driven by a Markov
process to govern the Markov regime driving the observations at each time point
can often provide an intuitive way to capture the varying dynamics of the random
variable’s migrations over time. We have shown in this chapter that a double
chain Markov model that has this capability can be estimated efficiently from the
observed panel dataset and is not reliant on pin-pointing the exact causes of the
hidden effect on the migration dynamics.

The application of modeling the credit ratings of a large portfolio of firms over
time is of particular relevance to the contributions of this chapter. The fact that
each firm can enter the portfolio at different times, as well as leave the portfolio at
different times, means that at each time point, we have a vector of observations that
are possibly of different lengths. We have shown that the efficient computational
techniques presented in Chib (1996) can be extended to a new sampling algorithm
that applies to the exact type of data set that we are dealing with here.

There is a subtle dependence between the random variables of the panel dataset.
This dependence is as a result of the fact that all random variables migrate at each
time point according to the same transition matrix that is selected by the hidden
Markov process. Upon looking back at the selected hidden states in our application
to real world credit rating data, over the observed time period, we note that we
are able to capture significant events in the history of financial institutions and
insurance companies. Therefore the model provides a strong fit to our large data
set, with only a small increase in the number of parameters over the simple Markov

chain model that does not capture any economic effects at all.

66



3.6.2 Further Research

This study has brought to light that there are areas of further research that should
be explored. In our study, we allowed all parameters to be estimated with a
non-zero probability. If practitioners need to impose restrictions on some of the
parameters, by forcing an observable state to be an absorbing state for example,
then techniques such as the method of Lagrange multipliers should be employed
to ensure that the update of the parameter values at each iteration of the Gibbs
sampler algorithm is accurate.

Another possible avenue for future research would be to incorporate a more
complicated data structure between the random vectors Y, ,...,Y, , rather than
assuming that they are conditionally independent given the hidden process X.
Perhaps there could be different groups of Y'; ’s, corresponding to different types
of observations (e.g., different types of companies are affected differently during
the different periods of economic cycles).

It should also be pointed out that although we allow for different start and end
points of the random vectors Y ,..., Y, , we assume there are no missing data.
That is, our method doesn’t work correctly with vectors observed with gaps.

On the theoretical side, it would be interesting (and challenging) to develop
more specific results about the convergence rate of the modified Haar PX-DA
algorithm and to compare it to the convergence rate of the regular DA without

the extra permutation step.
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4 Mixtures of Markov chains

In this chapter, we continue with the application to modelling the non-homogeneous
credit rating dynamics of firms; however, instead of allowing for different regimes
in the data over time, we will instead allow for different regimes to apply to dif-
ferent parts of the population. That is, we approach the problem by detecting
and modelling the non-homogeneity amongst the population rather than chang-
ing dynamics over time. Although the estimation procedure used in this chapter
(the E-M Algorithm of Dempster et al. (1977)) is similar to the Bayesian MCMC
estimation methods employed in the previous two chapters, we do not focus on
the properties of the Markov chains used in the estimation. Instead, we will focus
on the Markov chains used in the parameters for the observed data to develop
the theory behind testing whether a single homogeneous Markov chain model is
appropriate for the data.

A key difference to the Markov chains used to model the observed data in this
chapter, as opposed to the previous chapter is that we are studying continuous
time Markov chains here compared to the previously studied discrete time models.
The choice of model lies with the type of data studied (whether it is observed at
discrete time points or if it is continuously observed) but there are some important
differences to the theory, discussed in Frydman (2005). We first introduce our no-
tation and some key concepts around continuous time discrete state Markov chains
before introducing the concept of mixtures of continuous-time Markov chains and
some key considerations for testing between 1 and 2 mixture components. We con-
duct a parametric bootstrap procedure to test for the presence of a mixture, which
yields results that throw into doubt the claim from Frydman (2005) that we can
use standard theory to apply a chi-squared distribution with degrees of freedom
equal to the difference in the number of parameters between the 1 component and

2 component mixture models. This motivates us to adapt the theory of Fukumizu
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(2003) to our case to prove the divergence of the log-likelihood ratio test statistic
for the test between 1 and 2 component mixture components. Finally, we look
at the most simple case of 2-state Markov chain components, which each have
the second state being an absorbing state, which directly applies to a default vs.
non-default model in our application (grouping all non-default credit ratings into
one category) and we derive a theorem for the exact limiting distribution of the

log-likelihood ratio test statistic.

4.1 The continuous-time Markov chain

Suppose we have a discrete state, continous-time Markov chain {X (¢);0 <t < T}
with T' < oo, that takes values amongst the discrete states in the set {1,...,w}
over time. Furthermore, when certain conditions are satisfied (see (22) and (23)
below), X (¢) takes values in the space of step functions z(-) € X with a finite
number of jumps between the discrete states over the fixed observation window
[0, 7.

We let d = (dy, ..., d,) be the initial state distribution given by

fori € {1,...,w}. We also let P(s,t) be the transition matrix with (i, j)'" element

Bij(s,t) = P[X(t) = j|X(s) = 1]

with s < t and 4,5 € {1,...,w}. Then, following Albert (1962), we characterise
X(t) in terms of d and P(s,t).

Our process here has stationary transition probabilities,

P(s,t) = P(t — s) (22)
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so that transitions depend only on the difference between start and end times. We

also have the infinitesimal generator matrix (), which solves

81;515) = P'(t) = QP(t) = P(t)Q; such that P(0) =1I.

Thus, we define the continous-time Markov chain in terms of the transition matrix

n

Pty =@ =3y L

so that our stochastic process forms right-continous paths z(-) € X. We may write

the density as the product

fz()ld, Q) = duo)g(x(-)|Q)

where g(z|@) is the conditional density of a continuous-time Markov chain with
infinitesimal generator @), given that the initial state X (0) = z(0).

The elements of () can be written more formally as

Qi = =) Qy=lim[(1—Py(h)/h
J#i
Qi = lim [(Py(h))/h] ¥ j #i. (23)

for 1,5 € {1,..., w}.

A realisation x(-) of a discrete state, continous-time Markov chain can be de-
scribed by the sequence {z, z1,...} of states visited and the corresponding se-
quence of durations of time the process spends in each state {507 th,.. .}, so that
X(t) =z for Sty <t < 320ty with j = 1,2,. .. and 2(t) = 2 for 0 < t < £.

The corresponding random sequence {Z;;j € N} forms a discrete time Markov
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chain with transition matrix J with (7, 5)™ element

L for ¢ # j and

Jij = —Qii
0 for i = j.
Define
/\i = _Qu = ZQU, for each 7 € {1, e ,’LU}.
J#1
Note that given Zy, = 29,241 = z,..., the sequence Ty, Ty, ... are conditionally

independent random variables, with each T] exponentially distributed with rate

1
Az

J

= E(T;) for j € {1,2,...}.

We then have some further properties of the chain, which are written as follows

To = inf{t > 0[X(t) # X(0)}
P(Ty > t|X(0)=i) = e

P(X(to) = jIX(0) =14) = Jy.

If Ty > T, we let & = 0 and define Ty = T. Otherwise, letting 7 = j with
j>1,if Zf;& T, < T and Zgzl T, > T, we define Ty, Ty, ..., T; such that

T; for j € {0,1,...,7n — 1} and
T—Z?:_OITZ- for j=n

T, =

J

It is useful to reparameterise the chain in terms of d, A\, and J. That is Q) =
Q(A, J) is viewed as a function of A and J. Suppose now that we observe a right-

continous sample path z(-) from the process {X(¢);0 <t < T}, where T' < oo is
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the length of our observation window. It follows from (22) and (23) that with
probability 1 this is a step function with a finite number of jumps n < oo. See
Albert (1962) and Chapter 6 of Doob (1953) for technical details.

We then represent a complete observation z(-) = {z(t); 0 <t < T} as follows

((20, to), (Zl, tl), ceey (Zﬁ_l, tﬁ_1>, (Zﬁ, ta)) s

which is a point in the space

X W() (24)

Wi = [H (Wo < (0,T7)

where Wy = {1,...,w} is the state space of the chain and (0,7] C R is the
observation window. We denote o to be the measure on the space of all sample

functions such that

where B C W is an event with W = U2 Wj, and o™ is the measure

o™ = ﬁCxl

,]:

[y

for the Lebesgue measure [ on R and the counting measure C' on W, such that
C({z}) =1if z € Wy and 0 otherwise.

Note that our initial state is z(0) = zp, so that we have n jumps in total
before we reach the end of the observation window and that for n > 0, we have

=T —-Y")T).

With the parameters for the initial state distribution d = (dy,...,d,), the

rates of leaving each of the states A = (A,...,\,) and the matrix for the jump
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process J, as well as the statistics for our initial state x(0), the number of each

type of jump

njk:Z]I{zi_l :j,ZZ:k'} fOI'j,k’: 1,2,...,21}

i=1

and the total time spent in each of the states

T; = Ztiﬂ{zi =j} forj=1,2,... w,
=0
we can then write the density with respect to o to be

PB] - /Bf(x(-)|d,>\,J>da(x(.)) where
fEOId, N T) = duoyg(z()|A, J). (25)

Here, g(x(-)|A, J) is the density of the process, conditional on the initial state,

which takes the form

(
e AT if z(+) = (20,7);
[T, e TTo A T
g(fL’()’A, J) = if l’() = ((Z(J? t0>7 (217 t1)7 sy (anl, tn71>7 (Zﬁu tﬁ)) ’

with 2 > 0,¢; >0 (i =0,1,...,72—1) and 3. t; = T; and

0 otherwise.
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Note that we can write g(z(-)|A, J) = A (z(-)|A\)h P (z(-)|J), where

KD (z(HA) = He—AmHA;W and (26)

7=1 k=1
WO = [T 7 (27)
j=1k=1

Suppose we have n independent and identically distributed (iid) realisations of

{X(t),0 <t < T}, then we have a log likelihood function defined by

LY =) log f(xk()|d, A, J)
k=1

- Zlog [d;pk(o)g(m‘)" J)} :
k=1

If we let by; be 1 where the initial state of x; is @ and 0 otherwise, ng;; be the
number of times that z; makes an ¢ — j transition with ¢ # j, and 75, be the

total time that x; spends in state ¢, then the log likelihood becomes

n

Lg) = Z {i bk,i log d; + Zw: Z Nk ij [log Jij + log /\z] - i Tk,i)‘i}
i=1 i=1

k=1 i=1 ji

— Z Z by log d; + Z Z Z Ni,ij log Jij

k=1 i=1 k=1 i=1 j#i

- Z Z Z nij10g Ai — Z Z Thi i (28)

k=1 i=1 j#i k=1 i=1
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As in Albert (1962) we obtain the sufficient statistics

n

by = E br,i
k=1
n

Nig = E”kw
k=1
n

T, = E Tk,i
k=1

and the maximum likelihood estimates of the parameters from (28) as

A b:
di - wl
Zz‘:l bi

~ N
Jii = =2

’ Zj;éi Mg

N Ty

)\i _ Z];éz J ) (29)

Ti

Note that when the log likelihood is written in the form (28), we can clearly see
that the initial state distribution d appears in a term that is separate to a term
involving the transition probabilities {J;;}, which is in turn separate to a term
involving the rate parameters {)\;}. When we obtain estimates for each of the
parameters by maximising the total likelihood, it suffices to maximise each of
these terms separately.

It may be the case that one of our discrete states is an absorbing state. This
is where the probability of leaving the state is zero. If, for example, state w is an
absorbing state, we will assume that there are no observations whose initial state
2(0) = w, thus we can fix d,, = 0 and we will also set the parameters of the w'®

row of () to be

Quj =0forj=1,... w.
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Equivalently, we will set \,, = 0 and the w'™® row of J to be
Jpj=0forj=1,... w.

This constrains the parameter space. Then, assuming there are no jump ob-
servations out of the absorbing state, the maximum likelihood estimates given by

(29) above will still obey the constraints.

4.2 General finite mixtures of continuous-time Markov chains

We now consider the case where our stochastic process { X (¢),0 <t < T} is driven
by one of a finite number N of possible independent discrete state, continuous-time
Markov chain components {X,,(t),0 <t < T} form € 1,2,..., N. Thus, we have
a random vector Y = (Y7,...,Yy), where Y,, = 1 if X(¢) is driven by the m'®

component and 0 otherwise. Let
PY,=1)=mn,formel,... N,

where each m,, > 0 and Z%ﬂ T, = 1. We then have

N
X(t) = Xpu(O)I{Y,, = 1},
m=1
so that X (¢) has a mixture of Markov chains distribution.

We use a form of Markov chain mixtures presented in Frydman (2005), where
the mixing is on the transition rates A and the initial state distributions. That is
the m'® component X,,(t) has parameters A,,,d,,, and J (note that .J is common
to all components). This parameterisation is different to Frydman (2005) but the
model is equivalent as we show with (34) and (36) below.

We have {X(t),0 <t < T} that takes values in the set {1,2,...,w}, so {X(t)}
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takes values in the same sample space W as described in (24) above such that

P(X()€B) = > P(X() € B|Yp = 1)P(Y,, = 1)

This implies that the density is as follows

@) = Y mufula()
= ) T mg (@ () A, ). (31)

Here, f(-) is the density for a mixture of N < oo continuous-time Markov chains
{Xm(t),0 <t < T} with initial distributions {dy m, d2m, - - ., dwm} and generators
Qm =QA\,,J) for 1 <m < N.

We write (as in (25)) the density of a single Markov chain in the form

FEOIdAT) = dg()AT)
= duoh® ()N ()] ).

where h(V)(z(-)|A\) and h®(z(-)|.J) are defined with (26) and (27) respectively. We

see that the mixture density can be written as

f(l‘()|d, T, }‘7 J) - Z 7deac(O),mg(CC(')|}‘m= ‘])

=z

= WO Y A nh V() An). (32)

m=1
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For a finite number n of i2d observations, we write the N-component Markov

chain mixture log-likelihood as

LM = log {H [h(2) (@)Y Wmdaok(O),mh(l)(ﬂﬁk(')\)\m)] }

k=1 m=1
n w n N
- Z Z Z nyijlog Ji; + Z log {Z Wmdxk(o)vmh(l)(xkop\m)} o
k=1 i=1 j#i k=1 m=1

Note the log-likelihood can be written as the sum of two terms, one of which
only involves .J, the other only involving the other parameters. Indeed, the term
involving J is identical to that in the single component Markov chain model log-
likelihood in (28) and so maximum likelihood estimation for J is the same as in
that case, since it again suffices to maximise each term separately.

It is convenient to change parameters slightly, by expressing 7, d;,...,dy in
terms of other parameters d, s1, ..., sy, defined as follows. From (30), we again
write d = (dy, . .., d,) as the initial distribution of X (-) under the mixture model,

which is given by

Defining

7"-mdi,m
Sim = —N
’ erzzl 71—mdi,m
= PV, =1/X(0) =1) (34)
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as the conditional mixture proportions given the initial state, we thus write the

density in (31) as

FaOld s A 0) = ) desemh™ (@ () Xa) B (2()] )

m=1

= dm(o)h {Z Sz(0),m )|}‘ )} (35)

The N-component Markov chain mixture log-likelihood of n itd observations can

{ﬁ: Sax()mh (25 ()| Am )}]}

n w

= ZznkwlOg‘Jw+ZZbkllogd
J#L

k=1 =1 k=1 i=1

+Zlog {Z Sa(0)mh 1>(xk<->|Am>} : (36)

m=1

then be written as

LN = log{ﬁ [d

k=1

Note that it is clear from the form of (36) that the initial state distribution
can now be estimated separately from the other parameters, similarly to how
we separately estimate the jump matrix J in (28). We see that the initial state
distribution vector d and the jump matrix J have the same interpretation and
maximum likelihood estimates as under a 1-component Markov chain.

There is, however, no easy closed form solution for the maximisation over A
and s so these must be obtained numerically. Frydman (2005) employs the E-M
algorithm of Dempster et al. (1977) to obtain maximum likelihood estimates. This
is an iterative algorithm with two steps. In the “E”-step, we obtain the E-M log-
likelihood as a function of our parameters and the data, given by the conditional
expectation under the current parameter values of the full data log-likelihood given

the observed data. Then the “M7-step involves finding parameter values which
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maximise the FE-M log-likelihood. These steps are iterated until there is sufficient
convergence of the parameter estimates (or some other stopping criterion).
Frydman (2005) considers a conditional version of this model, which does not
model the initial states as random. The n observations can be split into w sets
based on their initial states, each with bq,...,b, observations respectively, with

densities given as follows

X11(), -, X1, (+) are did with density f(z(-) = SN _ | s1.mg(x()|Am, J, 2(0) =

Xo1(+)s .., Xop,(+) are iid with density f(z(-)) = Zﬁzl S2.mg(x(+)[Am, J, (0)

Xuwa1(), ..o, Xup, () are did with density f(z(-) = 320 _ sumg(@()|Am, J, 2(0)

The conditional log-likelihood of all such observations is then given by

Z Z Z Nk ij log ng + Z log {Z (0),mh(1)(xk(')|Am)} ) (37)

k=1 i=1 j#i

which is just L") from (36) with the term involving the d;’s and b;’s removed.
Thus, all of the remaining parameters have the same (conditional) maximum

likelihood estimates under (37) as in the unconditional case (36). The log-likelihood

ratio for comparison with the single component Markov chain that conditions on

the initial states,

n

Z Z N5 10g Jij

k=1 i=1 ];éz
+ Zan ij10g Ai — ZZTM (38)
k=1 i=1 j#i k=1 i=1

which is the same as LY from (28) with the term involving the d;’s and b;’s
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removed. Thus, the log-likelihood ratio statistics for the two formulations Ly —

LY and LYY — LY are identical. We choose to use the unconditional (iid)

formulation as it is more convenient to derive its asymptotic properties.

4.3 Testing between 1 and 2 mixture components

The data set studied in Frydman (2005) consists of the time-series of credit ratings
for a sample of 848 corporate bond issuers in the industrial sector, observed each
day between January 1985 and December 1995. The original rating categories are
grouped into the coarser rating states Aaa, Aa, A, Baa, Ba, B, and C. There are
also rating states W R for rating withdrawal and D for the default state. Note that
the initial states of each of the firms are given. They are distributed across each
of the ratings states, except for W R and D, where there are no firms that begin
in these states. There are also no firms that migrate out of D, thus it is assumed
to be an absorbing state.

In practice, credit rating dynamics are often modelled with a simple Markov
chain. However, this can fail to pick up some of the more complex dynamics that
appear in the data. The new mixture introduced in Frydman (2005) allows for
the modelling of population heterogeneity on the rates that firms leave each rating
state and argues that this provides a significantly better fit than the simple Markov
chain.

In Frydman (2005) there is a likelihood ratio test conducted to test between
the null hypothesis of a simple Markov chain model and the alternative hypothesis,
where the data is modelled by a mixture of two Markov chain components (which
has a jump process J that is common to all of the components in a mixture). In
order to test for whether it is necessary to introduce these additional parameters to
model the data, as opposed to using a single Markov chain component, Frydman

(2005) conducts a likelihood ratio test. As discussed at the end of Section 4.2,
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we are considering the (7id) unconditional model, which is superficially different
to Frydman (2005) but essentially equivalent. The likelihood ratio test between a

mixture of 2 Markov chains and a simple Markov chain uses the following statistic

~ ~

Ap = LO(d, Ay, Ay, 8,0) — LO(d, X, J), (39)

where we write the log-likelihood functions for the single component Markov chain

and the 2-component Markov chain mixture as

L,(ll)(d, A J) = z”: zw: b logd; + Zn: zw: Z Ng.ij log Jij

k=1 i=1 k=1 i=1 ji

+ Z Z Z Niij 10g Ai — Z Z Th,iNi (40)
k=1 i=1 j#i k=1 i=1

n w

Lf) (dv Ala AQ? S, J) - bkzi log dz + Z Z Z nk’ij log Jl]
k=1 i=1 k=1 i=1 j#i

n

+) log {ska) [Te T
1 i=1 j=1

k=

+(1 - S@(Q)) H A2 H /\;j;} ) (41)
j=1

=1

and define maximum likelihood estimates via

(El, AL, Ao, 8, j) = argmax L2 (d, A\, Ay, s,J),
d A28,
and (do, Ao, Jo) = argmaxg, y ; Lg)(d, A, J), noting that dy = d and Jy = J as
discussed in Section 4.2. Thus, the log-likelihood ratio for the test in Frydman
(2005) can be seen to be of the form from (39), although we are also modelling

the initial states as random so we have i7d observations, facilitating our analysis
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below.

Frydman (2005) claims that by standard theory, the likelihood ratio test statis-
tic A, is distributed under the null hypothesis as a chi-squared with 8 degrees of
freedom, corresponding to the difference in the number of parameters. The result-
ing statistic of 276.96 is used to indicate a strong rejection of the simple Markov
chain in favour of the alternative model. However, it is not obvious that the stan-
dard theory applies. We show below that in fact A,, diverges to infinity under the
12d model and indeed the results of the parametric bootstrap in the next section

suggest the result of the likelihood ratio test is not even significant.

4.3.1 A parametric bootstrap procedure to test for the presence of a

mixture

To investigate this further, we employ a parametric bootstrap procedure. This
procedure is used to understand the distributional properties of a statistic using
resampling. In our case, we are interested in approximating the distribution of the
likelihood ratio test statistic under the null hypothesis. We simulate from our fit
and recompute the statistic a large number of times. We can then compare our
calculated statistic to this approximate empirical distribution of simulated statis-
tics to assess the evidence against the null hypothesis in favour of the alternative.
The parametric bootstrap p-value is then calculated as the proportion of simu-
lated statistics exceeding the originally calculated statistic. Although we do not
prove here that this test is conclusive, the resultant parametric bootstrap p-value
we derive is strongly suggestive that the result is not significant evidence against
the null hypothesis in favour of the alternative.

The procedure is conducted as follows:

1. Estimate the simple Markov chain parameters by maximum likelihood esti-

mation from the original sample data
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. Estimate the two component Markov mixture model parameters with the

EM algorithm from the original sample data

. Calculate the likelihood ratio test statistic for the above two models and the

original sample data
. Simulate another dataset from the simple Markov chain estimated in step 1

. Estimate the simple Markov chain and Markov mixture models from this

data and calculate the likelihood ratio test statistic

. Repeat step 4 and step 5 many times, recording the likelihood ratio test

statistics at each stage to form a simulated empirical distribution

. Compare the likelihood ratio test statistic from step 3 to the distribution of
likelihood ratio test statistics in step 6 to obtain a parametric bootstrap p-
value. If the parametric bootstrap p-value is not very small then we conclude
that the data provides no evidence against the null hypothesis of a single-

component Markov chain.

We use the data summaries from Tables 1 and 2 from Frydman (2005) and

define the empirical data parameters including the observation window, number of

firms in each of the starting states as well as the simple Markov chain to generate

the data. Then we extract the parameters from the maximum likelihood estimates

in Frydman (2005) and simulate from their single Markov chain fit. Finally, we

conduct the parametric bootstrap procedure that yields the following result in

Figure 7.

The parametric bootstrap procedure is an important and widely used data-

analytic tool. We note that further investigation is warranted into the properties
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Figure 7: A comparison between the likelihood ratio statistic derived in Frydman
(2005) and the distribution of the likelihood ratio statistic derived from a para-
metric bootstrap procedure. The parametric bootstrap p-value is 0.528, which
suggests that we do not have sufficient evidence to reject the null hypothesis.

of the estimates and asymptotic distributions involved in the test. It suffices to
say that this result challenges the claim that the data provides strong evidence
against the null hypothesis in favour of the alternative, with a likelihood ratio test
statistic of 276.96. The parametric bootstrap p-value of 0.528 suggests this is not
strong evidence against the null hypothesis of a single Markov chain. This provides
significant motivation for us to further explore the properties of the likelihood
ratio test between a single component Markov chain model and a two component
mixture of Markov chains alternative.

It is pointed out in Frydman (2005) and is widely the case in practice that
not all of the censoring times are the same. That is, we have firms that enter our

dataset at different times, so are thus observed over varying periods. In Frydman
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(2005) no indication is given as to the distribution of starting times for each of
the firms, so we have assumed that the initial states of each of the firms are all

observed at the beginning of the observation window.

4.3.2 Non-identifiability of the likelihood ratio test

Despite the fact that mixture models have been studied for some time, for many
types of models, there remains no definitive way to test for the number of mixture
components. Studies such as Hartigan (1985), Ghosh and Sen (1985), Dacunha-
Castelle and Gassiat (1997), Liu and Shao (2003) and Garel (2005) develop meth-
ods to deal with likelihood ratio tests for the number of components in mixture
models. However, they are either applied to mixtures of normal distributions or
require certain conditions to hold that can be very difficult to verify in a practical
setting. Frydman (2005) claims that by standard theory, the asymptotic distribu-
tion of the usual log-likelihood ratio test statistic A,,, under Hy, is chi-squared with
(N — 1) x w degrees of freedom. However, the appropriate regularity conditions
for applying the test are not verified. Given the results of our parametric boot-
strap procedure, rather than A, having an asymptotic chi-squared distribution, its

limiting behaviour is given by the following proposition:
Proposition 4.1. If A,, is given by (39), then A,, — 0o in probability as n — oo.

The problem here is that the null hypothesis H is not identifiable. That is,
there are infinitely many ways that the null model (of the simple Markov chain)
can be written in terms of the parameters of the alternative model (of a mixture
of two continuous-time Markov chains).

Let us define the null model parameters to be 6y = {dy, A, Jo} where 6, € O
is a point within the null parameter space, and the alternative model parameters
are 0 = {d, s, A1, Ay, J} where § € © is a point within the higher-dimensional

alternative parameter space. If we let s; = 0 for 7 € 1,...,w then our null model
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and alternative model have the same likelihood. Thus, one may propose that we
simply test for whether each s; = 0. However, this would not be appropriate
since there is the case where s; # 0 for ¢ € 1,...,w and we set A; = Ay = A,
which would also mean that the null model and the alternative model have the
same likelihood. The point {dy, Ao, Jo} € ©¢ does not correspond to a single point
in ©. In fact, each single point in the null model space corresponds to infinitely
many points in the alternative model space. It is thus possible that the parameters
change but the likelihood doesn’t. This is what we refer to as non-identifiability.

This non-identifiability issue implies that the Fisher information matrix of the
likelihood ratio, under the null hypothesis, is singular, so the “standard theory” of
Wilks (1938) does not necessarily apply. The model is a very interesting one, given
the need in finance to model the inhomogenous behaviour of large populations over
time. Thus from a practitioner’s perspective, it is important to understand the
considerations that must be taken into account in testing for the number of mixture
components required.

The problem of testing for the identification of a mixture using the likelihood
ratio test was explored with normal mixtures in Hartigan (1985). For an iid sample
Xy, Xo, ..., X, Hartigan (1985) examines the asymptotics of the likelihood ratio

for the test between

Hy: X; ~ N(0,1) against
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The asymptotic properties of the likelihood ratio

L, = supL,(0,p)

0,p

= suleog [ (1— +peX19*%92]
i=1

are then derived. For this example, Hartigan (1985) proves that the log-likelihood
ratio diverges to infinity in probability and conjectures that the rate of divergence
is of the order loglogn. This was later proven in Bickel and Chernoff (1993) and
Liu and Shao (2004).

A generalisation of this example is presented in Fukumizu (2003) for locally
conic models, using the reparameterisation techniques of Dacunha-Castelle and
Gassiat (1997). Fukumizu (2003) proves that under some regularity conditions, if
there exists a sequence of standardised score functions that approaches 0 in proba-
bility, then the likelihood ratio diverges in probability. The theorem is applied to a
practical example of the likelihood ratio for multilayer neural network models. We
provide a useful sufficient condition in a special case of this theory for our practical
example with the test between 1 and 2 component mixtures, with a focus on the
mixtures of Markov chains presented in Frydman (2005).

Recall that the likelihood ratio test statistic A,,, for the test between 1 and 2
mixture components presented in Frydman (2005), can be written as in (39). We

observe that

An = LO(d A, Xy, 8,J0) — LY(d, Ao, J)
> L(dy, Mo, Ao, 71, Jy) — LI (d, Xo, J) (42)
= [Lgf (do, Ao, Ao, 71, Jg) — Ll)(do,Ao,Jo)} (43)
— |E(@, Ao, ) = LD (do, 2o, Jo)| (44)
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where

(X, 7)) = argmax L (dy, Ao, Aa, 71, Jp).
2,

For the parameters of LY in (42), we set each element of d to be dy the true
value of the initial distribution under the null hypothesis, we set J equal to Jy the
true value of the jump matrix under the null hypothesis and we set (sy, ..., s,) to
be some fixed (7, ...,7) with 0 < 7 < 1. Note that (44) is written as the difference
between two log-likelihood ratio test statistics for simple hypothesis tests, where
Ao is the true value of A under the null hypothesis. The first of these is a test

between

Hy: X(-) ~ dog9(x(-)| Ao, Jo), do, Ao, Jo known, against

H? : X() ~ doao) {1 = m)g(x(-)| Ao, Jo) + mg(z(-)[ A2, Jo)} . (45)

The second test has an identical null hypothesis but has a different alternative

hypothesis
HY © X(2) ~ dayg(x(-)| Ao, J), d, Ao, J unknown. (46)

Twice the log-likelihood ratio test statistic in (44) is for a regular testing prob-
lem with alternative hypothesis (46) and so, under the assumption that the true
values of Jy, Ag and dy are interior points in the parameter space, is asymptotically
chi-squared distributed with degrees of freedom equal to the difference in the num-
ber of free parameters between H, and Hl(l). Otherwise a mixture of chi-squared

distributions is obtained (see Chernoff (1954) for details). Then defining,
Al — L22)(d07 A07 X27 ﬁ-la JO) - Lq(11)<d07 AO) JO) 9 (47)
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we can write
A, > A+ (’)p(l) . (48)

We show below that A; — oco. If A; diverges, then so too does A, at least as

quickly.

4.3.3 Divergence of the log-likelihood ratio test statistic

Suppose {g»} is a set of density functions with a parameter A\ that takes values
in the parameter space A. Let Ay be a fixed, known parameter value within A.
Suppose further that each of the density functions in {g,} are dominated by g,

for all A € A, so that g\(z) >0 = g),(z) > 0. Then, we let ) = ggTA and

0

2
g

sl = [ Ao = | (—A)du. (49)
[N

We consider the statistical model S = {f(z|(X, 8))}, which is a mixture model

with two components

f(@|(X, ) = (1 =p(X, B))g(x[Xo) + p(A, B)g(z|A), (50)

where

s
VIl =1

We can then refer to the parameter space © = {8 € [0,Bx], A € A} where

By = /||ral|? = 1.

Suppose we have an iid sample X7, Xo, ..., X, generated by the true density

p(X, B) =
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g(x|Ag). For the hypothesis test

Hy: X1 ~ g(X]|Ao) with Ag € A known, against
Hi: Xi ~ f(X|(\B) with (A, 8) €O = A x By,

defining Oy = {(A, ) € O|f = g}, we have the likelihood ratio

n

f(
sup  L,((A,B)) = sup lo
AEA,BEB (%.5) AEA,BEB ; & g(z]Xo)

From (50), we have

(5
g0

G
1422 =1

f(Xal(N\,B)) =5 9o + 9o,

where g(A) and go represent g(x|A) and g(z|Ag) respectively.

Xl 5)

(51)

(52)

The conditions for S to be locally conic at fy = go in the sense of Fukumizu

(2003) are as follows

1. The parameter space © contains the set of true parameters Oy = A x {0},

where f(z|\, B) = g(z|Xo) [n ae] < B =0.

2. For each A € A, the set O(A) = {5 € B|(A,8) € ©} is a closed interval with

open interior.

3. f(z; A, B) is differentiable on g (right differentiable at 0) for each A € A and

fop-a.e. x. For each A € A the Fisher information

dlog f(x|X,0) _q
R

We write the score function of Sx = {f(z|X, 8)|8 € ©(A)} at the origin 5 =0
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as

0log f(z|A,0)

VA(‘%‘) - aﬁ
(5
= Hg%——lH (53)

Writing g(z|8) = f(z|\, 5) with some A € A fixed, we present the conditions

for asymptotic normality in the sense of Fukumizu (2003) to be as follows
1. For any € ©(), the integral E, [|g(z|3)|] is finite.

2. If ©(A) = R, where Rt = {z;2 € R,z >0}, the function H(x;t) =
supgs; log g(x; ) satisfies limy o Ey,, [H (7;t)] < oo and there exists A such
that [, fo(z)du > 0 and limy_, H(x;t) = —oo for all z € A.

3. lim, ;0 Ey, [SUP\B’—ﬁISp log g(z|B')] < oo for all B € O(N).

4. The density g(x|5) is three times differentiable on g for all z and

lim [ sup M’du<ooforyzl,2,
0 J o<p<p| OB
0*log g(x|B) }
limE ———|| < o0.
plo o Li%‘ip 0B >

The conditions for S to be locally conic at gy and the conditions for asymptotic
normality for each submodel Sy = {f(z|(A, 5)|5)} will be satisfied in the case of

the general 2-component mixture model (50) due to (52), if we have the following:

The ratio 7, = Z—A is well defined for all A, Ao € A (54)
0

Irall =1 <= A=A ; and (55)

/\loggk(x)\go(:c)dx < oo for all XA € A. (56)
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We now present a version of Theorem 1 from Fukumizu (2003), with simplified

regularity conditions, for the case of the mixture model (50).

Theorem 4.2. Let S = {f(z|(X,5))} be a statistical model given by (50), that
satisfies (54), (55) and (56). Let C' = {vx|A € A} be the family of score functions
as in (53). If there exists a sequence of score functions {v;};-, in C such that

v; — 0 an probability, then, for arbitrary M > 0, we have

lim P <sup Ln(X, B) < M) =0. (57)
nee ()

Proof. Here, we show that a mixture model S as in (50) that satisfies (54), (55) and
(56) satisfies the conditions for S to be locally conic at gy as well as the conditions
for asymptotic normality.

The parameter space for 3 is [0, Bx] where By = /[[ra][2 — 1. Condition (54)
implies that 3 is always well-defined. We see through the form of (52) that g =0
implies f(x; (A, B)) = g(z; Xo) [p a.e]. If welet f(x; (A, B)) = g(z;Xo) [p a.e] then
condition (54) implies that ||r|| = 1. Then, the form of By implies that § = 0.
This gives us the first locally conic condition.

The second locally conic condition is easily satisfied since for each fixed A € A,
condition (54) implies that By = /[[ra][2 — 1 is given by a closed interval with
open interior.

The third locally conic condition is trivial, due to the form of (52), which is

linear in 8 for each A € A and fyu-a.e. z and calculating the Fisher information

yields
Halogf(x;)\,O)H B ||% — 1 B
7 [
g0

Thus, the condtions (54) and (55) imply the conditions for S to be locally conic
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at go.

From condition (56) we have

/|logg)\(93)|go(:1:)d:v < oo forall A € A
— [ (oggala)) m(a)do > —oc
— (1-1) [ ogm(a)) m(a)dz + p [ (loBr(z) o(o)ds > —o

— [ (g 1(1 - Plgn(@) + par(o)]) go(o) > ¢ (53)
due to Jensen’s inequality. We note also that condition (56) yields

/|10g ga(x)|go(x)dx < oo for all A € A

— /(log ga(x)) go(z)dx < o0,

which gives the third condition for asymptotic normality. This property also im-

plies

[ o1~ plgo@) + por() ule)ds = [ (oggn) gud
+/log (1 +p (z—z - 1)) goda
< /(loggo)godfc + /p <“Z—2 - 1) godx

since log(1 + ) < x for x > 0

< [togm)m)is <o (59

Combining (58) and (59) yields

/ llog [(1 — p)gol) + pga(@)] [go(x) < oo,
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which gives the first condition for asymptotic normality.

The second condition for asymptotic normality does not apply for our case
since O(A) # R*. Finally, the fourth condition for asymptotic normality is trivial
due to the form of (52), which is linear in § so the first two partial derivatives in

B are finite constants and the supremum for 0 < 5 < p in

3 -3
Plogg(w; f) [ o1 5 w ! o
op® lgxg0 — 1] lgrgo — 1

is attained when g = 0, which gives a finite constant.

Therefore, a mixture model S as in (50) that satisfies (54), (55) and (56)
satisfies the conditions for S to be locally conic at gy as well as the conditions for
asymptotic normality.

We have satisfied all of the regularity conditions for Theorem 1 from Fukumizu

(2003), which can now be applied to achieve our result. O

Fukumizu (2003) proves a version of the above theorem for the general case,
then shows that the example of the Gaussian mixture model with two components
satisfies the conditions of the theorem quite easily, thus showing an alternate proof
for Hartigan (1985).

We will also show that for general 2-component mixture models, we can have
a simplified sufficient condition for divergence of the likelihood ratio test statistic

(51). That is the following theorem:

Theorem 4.3. Let a statistical model S = {f(x|(\, B))} be a mizture model as
in (50) that satisfies (54), (55) and (56). Then if there exists a sequence {X\;};-,

such that ||ry,|| — oo then for any 0 < M < oo, we have

lim P | sup L,(A,B) < M | =0.
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Proof. Here, we show how our sufficient condition for Theorem 4.3, that ||ry,| —
oo, implies the sufficient condition in Theorem 4.2, where the sequence of score
functions v; — 0 in probability. This simplification is easy to verify for general
2-component mixture problems.

Suppose X ~ fy and that a sequence {\;} is given. Write ; = ry,. We now

show that if ||r;|| — oo then

TZ(X)—l P

si(X) = ———— 0
Vlril[? =1
Fix € > 0. There exists 0 < Ny < oo such that for all i > Ny we have

1

— <
Vlril* =1

Then for ¢ > Ny,

SiX =
Y = R
1

Vv
|
Q)

Therefore, for such 7,

P(lsi(X)|>€) = P(s;(X)>e¢)

< P(r(x)> eVl —1)
< — 0 as i — oo,

1
ey/lrill* =1

by Markov’s inequality, since E [r;(X)] = 1 for all i.

This gives us the sufficient condition for Theorem 4.2, so that for arbitrary
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M > 0, we have

as required.

]

Suppose we have a sample X1, ... X, of n iid observations from a two-component

mixture of Markov chains parameterised as in (35) with density

f('r()‘da S, )‘7 J) = dw(O) {(1 - S:U(O))g(w(')P‘Oa J) + 33:(0)9(13('”)‘7 J)} )

for some X = I'\g with I' = diag(m,...,7) such that v; < oo for j € 1,...,w
and known XAg. Write g(z(-)|A, J) above as fx and define the density ratio rx(v)

as

gra, (V)
ng(”)
CILL e T s (o)™ T3 60
B T P o

ra(v) =

Note that this is well defined for all A, Ag € A, thus (54) is satisfied. If we set
A = X, it is clear that ||ra]|?> = [ <Z—§\) dp = 1. Also, if ||ra]| = 1, then we must
have that -‘;—3 = 1. This implies that v, = 1 for ¢ € 1,...,w, which in turn implies

that (55) is satisfied. We write

/‘loggx(a:)\go(x)dx _ /

< o0

w

D (=1hoimi) Y mijlog (vido.iij) | golw)da

i=1 ji

as each 7; <T < 0o and each n;; <n < oo foralli,j€1,2,...wand all A € A.
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Thus, (56) is satisfied. We also wish to show that we can find a sequence {\;};,
such that

||r>\i

* = [ B0 )dew)
w

as ¢ — 0o. It suffices to consider each element of I' to be the same, that is
I'; = 1, for v; < oo for all 7,
where [, is the w x w identity matrix. Then for v € W, we have

1\ 2
g%ko(y) <H;U:1 e—%\o,i’n‘ Hj;éi(f)/)‘O,i)nij Jz’jm>

Ix (V) [Ty e T Ao Ty
_ - —(2y=DXo,iTi 72 _ ) " Tij
- I I1 2y = Ddoi ) I
i=1 i 2y-1
1 1 -
> i\ G(2y—1)xo (V), for all cases n =0,1,...

Here we have

1/ 1
75 ll* > 5 :
4\2y-1

Thus, for any sequence {3 < ; < co} such that 7; — 1 we have |[rp,,||* — oo
as required. We can now apply Theorem 4.3 to prove that Proposition 4.1 holds

true.

98



4.3.4 A special case with 2 states

Frydman (2005) presents mixtures of Markov chains that migrate among the dis-
crete states 1,...,w, where the w'" state is an absorbing state. We consider the
simplest case where we have w = 2 states in total. In the context of modelling
credit rating migrations, the first state represents “non-default”, the other repre-
sents “default”. As in Frydman (2005) (and widely in practice), we assume the
second, “default” state is an absorbing state. The time until a transition from
“non-default” to “default” is exponentially distributed. However, since a firm is
only observed for a fixed time period then the default time may or may not occur
in the observation period. Thus, a sample of independent observations of n such
firms is 7id with a censored exponential distribution.

Now, we consider a sample X1, X», ..., X, of 7id observations from a 2-component
mixture of 2-state continuous-time Markov chains X (t) and X;(t), observed from
time 0 to 7', starting in state 1 and with state 2 being an absorbing state. In
this case, we do not require the parameter d since all of our firms begin in the

non-default state 1 (i.e. d = (1,0)) and our parameter s, which is represented as

Si?m:w—, fori=1,2and m=1,2

Zzzl Wmdi,m

can be represented by a simple scalar p where

L—p = P(X(t) = Xo(t)).

Note that we do not have multiple jumps for a particular observation. It either

stays in state 1 for the entire observation window [0, 7] or it jumps once to the
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absorbing state 2 within the observation window and remains there until the end
of the observation window 7. Thus, we can represent an observation z(-) using

the time until the first jump out of the initial state with

To if Ty < T and

T otherwise.

This is (in effect) the amount of time that a firm is observed in the “non-

default” state. Our density for a particular observation z(-) = x is then

f(z) = (1 =p)g(z[Ao) + pg(x[A1) (61)
where, g(x|\) is given by

e ™ f0<z<T
gz =q e ifr=T (62)

0 otherwise.

This is a censored exponential distribution, with rate parameter A observed within
a finite time window (0, 7.
For the hypothesis test, which tests between 1 and 2 mixture components for

the two-state case

Ho: X () ~ g(z[do),

Hy: X(-) ~ (1=p)gxlX)+ pg(z|r2) (63)

we define the log-likelihood ratio for n iid observations to be

An = Z{ sup 10%[(1—p)9($IA1)+pg(fcMz)]—Sllplog[g(:cuo)}}.

i—1 \ALA2p 0
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From (48), we see that in the test between 1 and 2 components we have

An > A+ O,(1), (64)
where
- (1= p)g(z[Xo) + pg(a|h)
A1 = sup lo [ : 65
1=gup ) log o) (%3]

If Ay diverges as the sample size n — oo then this implies A,, also diverges. We
have shown that A; does in fact diverge, using Theorem 4.3. Understanding the
rate of divergence of A; will give us a substantial insight into the rate of divergence
for A,,. From (64), we see that if A; diverges at a rate R; ,, then A, diverges at a
rate Ry, > Ry,. For the case where w = 2 we can go beyond the rate to find the
exact limiting distribution of A;.

Without loss of generality, we will also assume that the true value under the
null hypothesis for Ay is 1. Then we can present the following theorem, with proof

to be provided in the following chapter:

Theorem 4.4. If we let

n

A= N > {log [(1 = p)g(el1) + pg(xklN)] — log g(zx[1)},

where g(x|\) is given by (62) above, then

lim P {2A — 2loglogn + log(167°) < x} = e,

n—o0
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5 Censored exponential mixture detection

In this chapter, we continue with the motivating application of the previous chap-
ter, where we are faced with the problem of modelling the non-homogeneous dy-
namics of credit rating migrations of firms. We are focussed on different regimes
applying to different segments of the population, rather than different regimes over
time. The theoretical developments in this chapter contribute towards establish-
ing a proof of Theorem 4.4, which states the exact limiting distribution of the
log-likelihood ratio test statistic for the test between 1 and 2 component mixtures
of Markov chains, which each have 2 states, with the second state being an absorb-
ing state. The challenges of testing between 1 and 2 component mixtures using the
likelihood ratio test were explored for location mixtures of normal distributions in
Hartigan (1985), which proves that the log-likelihood ratio diverges in probability
and conjectures that the rate of divergence is of the order loglogn where n is the
sample size. This conjecture was later proven in Bickel and Chernoff (1993) and Liu
and Shao (2004). The problem of finding the limiting distribution was addressed
for location mixtures of normal distributions in Garel (2005) and for mixtures of
gamma distributions in Liu et al. (2003). Although there have been some studies
that work towards a general solution, under particular regularity conditions, such
as Dacunha-Castelle and Gassiat (1997) and Liu and Shao (2003), there remains
a gap in the theory for our specific problem of testing between 1 and 2 Markov
chain mixture components with 2 states, one of which is an absorbing state. It
is motivated by a simple case of our practical example from Frydman (2005) and
our key result is that we go beyond our findings in the previous chapter, where we
proved that the log-likelihood ratio test statistic diverges to infinity as the sample
size n — o0, to successfully derive its rate of divergence and exact limiting dis-
tribution. We find that this problem can be reframed as a test between a 1 and

2 component mixture of censored exponentials and so is more broadly applicable
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than just to our Markov chain context.

We follow a similar strategy to Liu et al. (2003) and solve some key theoretical
challenges that arise from the fact that our practical application requires that we
have censoring (due to the finite observation window on our data). Liu et al. (2003)
derive the limiting distribution of the log-likelihood ratio test statistic for testing
between 1 and 2 components in a scale mixture of gamma distributions, with the
constraint that the scale parameter of the second unknown component is greater
than the scale parameter of the first known component. Technical difficulties pre-
vent them from dealing with the two-sided version of the test. The log-likelihood
ratio test statistic is shown in Liu et al. (2003) to be asymptotically equivalent
to the square of the maximum of a stationary Gaussian process over an interval
whose length increases as the logarithm of the sample size. The stationarity of the
Gaussian process is crucial to their derivation of the limiting distribution of the
statistic. The corresponding process in the censored case is no longer stationary
and so in order to use the same general strategy of Liu et al. (2003) some new tools
are required. Such tools are provided by the locally stationary Gaussian process
extreme value theory developed by Hiisler (1990). One obstacle to the use of these
tools is the potentially difficult verification that a given Gaussian process is indeed
in the locally stationary class. Our Lemma 5.9 achieves this for the Gaussian pro-
cess we consider by showing that certain higher-order derivatives of its correlation
function are uniformly controlled.

A happy consequence of the censoring is that we are able to consider the two-
sided version of the testing problem. We are able to elegantly extend the methods
of Liu et al. (2003) to analyse the maximum of the log-likelihood ratio statistic over
this extended range, thus removing the rather restrictive one-sided constraint that
Liu et al. (2003) are forced to adhere to in the uncensored version of the problem.

We then use this result to derive the exact limiting distribution of the log-likelihood
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ratio test statistic, thus solving the outstanding practical problem from Frydman
(2005). After providing an overview of the testing problem in Section 5.1, we work
in Section 5.2 to establish our key results. We then provide the detailed proofs of

these results in Section 5.3.

5.1 An overview of the testing problem

Censored exponentials are widely used in practice for modelling time-to-event data
where events occur with a constant underlying rate over a given finite time win-
dow (0,7]. In the previous chapter we studied a problem that was motivated
by the application of modelling credit rating migration dynamics of firms, which
involved testing for mixtures of discrete-state Markov chains with an absorbing
state observed continuously over a finite time period. In the simplest case when
the Markov chain has 2 states, the time to absorption has a censored exponential
distribution. We consider the problem of testing for the existence of a mixture of
censored exponentials. Specifically, we study the asymptotics of the log-likelihood
ratio test statistic for testing between 1 and 2 mixture components and show that
it diverges in probability at a rate of loglogn, where n is the sample size.

Let X1, Xs,...,X,, be an independent and exponentially distributed sample
with rate parameter A. Since we are only observing the data from time 0 to T,
we define Y; = min(X;, T), so that Y3,Ys,...,Y,, is an iid sample from a censored

exponential distribution. We thus have the cumulative distribution function

0 ify <O
Gay) =9 1—e™M if0<y<T
1 ify>T.
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This distribution has a density

e ™ if0<y<T
a(y)=1< e ify=T

0 otherwise,

with respect to a dominating measure given by the sum of Lebesgue measure on
[0,00) and counting measure on {T'}. The expectation operator with respect to

this density is given by

/ Fordu = / Fy)re My + F(T)e (66)

where u(A) = L(A) + 1{T € A} with £L(-) the Lebesgue measure.
The log-likelihood of a series of observations y = (y1,¥2,...,¥,) can thus be

written as
LW Ny, T Z log (\e™i1{y; < T} + e M1{y; = T}). (67)

The corresponding 2-component mixture distribution, where each observation
y has density (1 —p)g(y|Xo, T) + pg(y|\, T), yields a log-likelihood for n iid obser-

vations y = (y1,¥2, - - ., Yn) as follows

LY (p, do, My, T) = S0, log ([(1 = p)Aee ¥ + pre ™ ]1{y; < T'}

(1 = p)e™" +pe My =T}) . (68)
We are interested in the testing problem

Hy: Yy ~ @G),, for A\ >0 known, against

H Y1 ~ (1-p)Gy +pGy for pe (0,1],A >0 both unknown, (69)
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where without loss of generality, we may take A\g = 1. For convenience, we write

g = g1. We write the log-likelihood ratio test statistic as

A, =

where

sup La(p,\) = up {(LP(p, 1, \Y,T) - LYY, T)}

(1—p)g(Y; Y;
Suleog{ )9(Y3) + par(Y3)
=1

9(Y3)

= e Y, < T+ e MVTI{Y, =T} - 1.

(71)

From (66), we calculate the expected value and variance of Z;(A\) under the

single component density as

E{Z:(N)}

Var{Z1(\)}

= {20 1} 0

- [ Ae—“ DY, < T4 e O DTIY, = T} — 1) ]

_ / )\2 —(2X— 1)ydy + 6—(2)\—1)T -1
0

— )\2 o 1 (1 - 6—(2)\—1)T)
20 —1 '

(72)

5.2 Testing homogeneity in censored exponential mixture

models

In Liu et al. (2003), the asymptotic distribution for the log-likelihood ratio test

statistic for a one-sided test between a 1 and 2 component scale mixture of gamma
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distributions is derived. The general approach of the paper follows that of Bickel
and Chernoff (1993) and Liu and Shao (2003) for the analogous normal location
mixture problem. Specifically, the profile log-likelihood, obtained by maximising
only over p, is firstly approximated by the square of a standardised score process.
The asymptotic distribution of the maximum of the score process with respect to A
is found to be the same as the maximum of a stationary Gaussian process over an
interval of length logn. The square of such a maximum can be represented as G,, +
log log n, where G,, has an asymptotic Gumbel distribution. This approximation is
shown to be suitably accurate so that the log-likelihood ratio statistic inherits the
same limiting distribution. Note that this strategy can only hope to be successful
for the one-sided version of the gamma scale mixture problem they consider. This is
because for A < %, the variance of the score process is infinite and the convergence
to a Gaussian process fails. Taking x = 1 in Liu et al. (2003) results in a one-sided
uncensored version of our problem. We use the same general strategy as Liu et al.
(2003) however several of their steps need new tools for application to our case, as
foreshadowed in the introduction. We will establish our notation and present our
key results in this section before providing details of original proofs in the next
section.

Suppose Yi,...,Y, are iid random variables from a censored exponential dis-
tribution with rate parameter A = 1, with density g(y). We interpret Y; = G=1(U;)
for uniform random variables Uy, ..., U,, where
—log(l—wu) for0<u<1-—e7t

G u) =
T forl—e T <u<l,
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is the inverse cumulative distribution function of G(-). The test at (69) becomes

Hy: Yy ~ G against

Recall the definition of the norm ||-||* in (49). We write the likelihood ratio as

Ix(y) = gA(y)/g(y) and define the standardised score process

"L e IVIY, < T 4 e (DT {y, > T} — 1]

Sn(A) = n_%z

=1 [(2>\ I 1)(1 - 6_(2’\_1)T)}

Z \/||lA||2
= n: Zs,\ 7). (74)

N

We will show that A,, has the same asymptotic distribution as %MTQL, where A, is the
log-likelihood ratio test statistic in (70) and M, = S, (\) with A = argmax,. , S, (\).

Let F,(u) be the empirical cumulative distribution function of Uy, ..., U,. It
is possible to define these on a suitable probability space together with a sequence
of Weiner processes {W,,(u)} so that the corresponding empirical process a,(u) =
Vn [F,(u) — u] is well approximated by the Brownian bridge B, (u) = W, (u) —
W, (1)u (see (102) where this is made more precise).

For any function g(-) on [0, 1] of bounded variation, we may, using an integration-

by-parts formula, define the stochastic integral

/0 g()dB,(u) = — / B, (u)dg(u)
. / (W, (1) — Wi (1)u] dg(u)

1

= W,(1)g(1) — i W (u)dg(u)
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in terms of ordinary Riemann-Stieltjes integrals. We show in Appendix A that
fol g(u)dB,(u) is mean zero Gaussian for each ¢(-) and for any other h(-) of

bounded variation we have

]E{ /O ' o(u)dBy () /0 1 h(u)dBn(u)} _ /0 ' g(u)h(u)du (75)

We may write our standardised score process from (74) as

S\ = /O 53 (G () ) () (76)
— H,(\) 4+ R\, (77)

where

R,(\) = / 5(G™H(u))d [ (1) — Bo(u)] (79)

In Liu et al. (2003), the score process is approximated by a Gaussian process,
which after a certain transformation becomes stationary. In the censored case that
we study here, the same transformation may be used; however, the approximating
Gaussian process {H,(e* + 1), —log2 < s < co} is not stationary. It is however
locally stationary in the sense of Berman (1985) and Hiisler (1990) (this is verified
in Lemma 5.9). Theorem 4.2 of Hiisler (1990) then yields the following lemma.
Using the same general strategy of Liu et al. (2003) we have developed analogues
of the Lemmas and Theorems in their paper. It should be noted however that

several of our proofs differ substantially from their analogues in Liu et al. (2003).
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Lemma 5.1. The Gaussian process {Hn(es + %), —log2 <s< oo} satisfies

lim P {AC l sup H,(e’+ %) — AC:| + log(4m) < y} =e 7, (80)

C—o0 —log 2<s<C
where Ac = (2log O)z.

We show that, within the range of A\ where the maximum of H,()\) is attained,
with probability tending to 1, the supremum of .S, is asymptotically equivalent to
the supremum of H,(X\). We split up the parameter space into separate intervals
to prove this with the following lemma. Let us write log, n = loglogn and

log ) n = logloglogn for large enough n.

Lemma 5.2. In a suitable probability space,

sup SaN) VO = 0,(1) (logsn)?
A€[1,log nJU[n(log n)—4,00)
sup 1S, (\) — H,(\)| = O,(1) (logn)~". (81)

A€ (log n,n(log n)—4]

~

Then, the asymptotic distribution for M,, = S, () is derived using Lemma 5.1

and Lemma 5.2 with the following theorem.

Theorem 5.3. Under the null hypothesis for the test (73), M, = supysqSn(A)

satisfies

nILHQOP {, /21log o) 1 <Mn — 1/ 2log s n) + log(4m) < y} =e .

Moreover, the asymptotic distribution of M, can also be expressed as

lim P {M. — 2logyn + log(167%) <y} = e,

n—oo

We now wish to show that the log-likelihood ratio test statistic in (70) has the
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same asymptotic distribution as %Mg The log-likelihood ratio test statistic
Ay =sup > log {1+ pZ(N} = sup > log {1+ I Z(ON s (¥} (52)
PA =1 PA =1
We examine the standardised score process S,(\) over the region 0 < A < 1
and then over the region 1 < A < A* for some constant 1 < \* < oo. Here,
AHy<T}e—y(A-1) _q

Sk(y) =
A—1)2 — —
\/( )\1)1 <] e—T(2A 1))

My<The—y-1) 1 2\ — 1
B Ty 1 — e T@A-D (83)

Now the second factor in (83)

20 —1 1
_>

1 — e-T(22—1) A —c T
as A T 1. Writing A =1 — ¢ (for € > 0), the first factor in (83) becomes

e¥e — 1 — ee¥ e¥e —1
= —e*—y—1

for y < T and

for y =T as € | 0. Thus

hms)\(y) = M
A VI —e-T
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As A ] 0,

1

el'—1

_ef-1

eT—1

fory < T,

sx(y) —
fory="T.

We thus define sy(y) and s1(y) accordingly. Moreover, for all 0 < XA <1, s)(y)

is a non-decreasing function over 0 < y < 7. Thus

: _
oinf sx(y) i 5(y)
20 —1
- 1_ e T2 (84)
S 1
VA el
since (84) is minimised at A = 1. Also
sup sx(y) = sa(T)
0<y<T
=Y 1 2\ — 1
T 1-x Vi—eT@n (85)
< el —1

since (85) is maximised at A = 0. We have thus shown that the set of functions
{sa(y) : 0 <y <T,0 <\ <1} are monotone and all take values in the fixed closed
L el —1

interval {— o=t

Now, for the case where 1 < A\ < A*, writing A = 1 + ¢ (for € > 0), the first

factor of (83) becomes

eV —1+e ¥ eV -1 e
= +e ¥ = —y+1
€ €
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as € — 0 for y < T, and

—Te_l

——Tase—0fory="T.
€

Thus,
: CHy<Tt—y .
MW =T T e
As AT,

Me v(A -1 22 —1
A*—1 1—e—T(2X3*-1) fOr y < T?

S _> *
,\(y) e~ T -1 2M*—1 fory =T
A*—1 1—e—T(22*-1) y - .

For all 1 < A < A\*, s,(y) is a non-increasing function over 0 < y < 7. Thus,

odnf sx(y) = limsa(y)

e~ TOA-1) _ 1 2) —1
A—1 1 — e TA-1)

—T\/;, (87)

since (86) is minimised at A = 1. Also,

v

sup sa(y) = limsy(y)

0<y<T y0
22 —1
- 1 _ e T2 1) (83)
22 — 1
< \/m, (89)

since (88) is maximised at A = A*. We have thus shown that the set of func-
tions {sx(y) : 0 <y <T,1 < X < A\*} are monotone and all take values in the fixed
closed interval [—T\/ 1—«17T’ \/ 1_62_’}*(;1*_14 . Thus by Example 19.11 in van der
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Vaart (1998) they form a (universal) Donsker class so that the corresponding em-
pirical process {S,(A) : 0 < X\ < 1} given by
Sa(N) =172 si(Y5)
i=1
converges (in the space of bounded functions on [0, 1] under the uniform norm) to

a tight Gaussian process. In particular

sup Sp(A) = O,(1). (90)
0<A<1
Similarly, we have
sup Sp(A) = O0,(1). (91)
1<ASA*

Since the functions {s)(y); 0 <y < 7,0 < X < A*} are uniformly bounded,
they trivially have a square integrable envelope function; this, along with the

fact that they form a Donsker class, implies by Theorem 3.1 from Liu and Shao
(2003) that

sup A, = O0,(1). (92)
0<A<A*
Let us write our vector of random variables Yi,...,Y,, in ascending order to

form the order statistics Yi,,...,Y,,. Taking the partial derivative of the log-
likelihood ratio yields

n

o) = =2y Iy < T} — Tem DT {y = T}

=1

When A\ > %, we have a%Ln(p, A) < 0. Since we know, from Theorem 4.3 in the
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previous chapter, that the log-likelihood ratio test statistic diverges to infinity in

probability, it suffices to maximise L, (p, \) for A € (0, ﬁ]

Let I,, = [logn,n(logn)™] and I* = [\*,logn] U [n(logn)™ Then we

1
7@]

have the following lemmas

Lemma 5.4. Under the constraint that L, (p, \) > 0,

sup pA = O(1).

AELUI

Lemma 5.5. Letting P,s3 =n~'> 1 s3(Y;), we have

1
sup ——
2
rel,ulz Pnsy

—0,(1).

Moreover, when \ € I,,, P,s3 =1+ Op<(log n)_%).

Now, by (90), Lemma 5.1 and Lemma 5.2, the supremum of S, (\) is found when
A € I,,. Therefore, we prove 2A,, = M2 + 0,(1). Using (92) and Theorem 5.3, we
have the following theorem on the asymptotic distribution of the log-likelihood

ratio test statistic A,,.

Theorem 5.6. The log-likelihood ratio test statistic for the test (73) satisfies
2A, = M2 + 0,(1) and

n—00
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5.3 Detalils of original proofs

Lemma 5.7. Suppose we have a function D(s,t) which is symmetric in its argu-

ments s,t > k for some constant —oo < k < oo and that we define the function

D(s,t
p(s,t) = (5,1) (93)
D(s,s)D(t,t)
with derivatives denoted by
O D(s,t)
(5, 1) Dsiots

Then if

1. the (i,7)™ derivative exists and is continuous for all integers i,j > 0 and

1+ <3
2. sup > |Dij(s,t)|< oo fori,j >0 such that 1 <14,j < 3;
3. for two constants 0 < a < b < oo, a < D(s,t) <b forall k < s,t < o0;
fort,t + A > k we have the representation

V(t)

plt,t+A)=1— TAQ + AR, (t, A) (94)
where
_ Du(t,t)  [Da(t,1)]?
Vit = D(t,t) [ D(t,1) ]
satisfies

sup|V/(t)|< oo (95)

>k
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and

lim sup |R,(t,A)|=0. (96)

A—=0 p<t t+ A<oo

That is to say as A — 0, R, (t,A) = o(1) uniformly in t > k.
Proof. By assumption 1 for some 0 < a; < 1 we have

AQ
D(t,t + A) = D(t, t) + ADOl(t, t) + 7D02(t, t+ OzlA)

= D(t,1) + ADa(t,1) + %2 {Doa(t,t) + [Do2(t, t + a1 A) — Doo(t, 2)]}

A
= D(t,t) + ADg (t,t) + 7Dog(t, t) + A%R(t, A)

where R,,;(t,A) = o(1) uniformly in ¢ > k by assumption 2. By assumption 3, we

can then also say

D(t,t+A) Do (t,t)  A? Doy(t,t) N
W_1+A D) 7W+A Rpo(t, A) (97)

where R,5(t, A) = o(1) uniformly in ¢ > k. Similarly we also have

D(t+At+A) = D(tt)+ A[Do(t,t) + Dio(t, )]

A
t5 [Doa(t,t) + 2D11(t,t) + Dao(t, )] + A*Ry3(t, A)

= D(t,t) +2ADy (t,t) + A% [Doo(t,t) + D1 (t,1)] + A*R,5(t, A)

due to the symmetrical property of D(s,t) and

Di+A+8) o Dulht) o Dealt.t) + Dut,)
D(t,1) D(t, 1) D(t,1)
= 14 AQu(t,A)

+ A2-Rn4(t7 A)

where uniformly in ¢ > k, Q1(t, A) = O(1) and R,,;(¢, A) = o(1) for both j = 3, 4.
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For small enough A, applying a Taylor expansion we have (for some 0 < ay < 1)

N|=

Rl

= [1+AQun(t,A)]”

[V

= 1- AQ’”;t’ A) AQQ“S@’A)Q [+ s AQu (£, A)] "2
— 1- AQ’“;’ A AQQ”%@’A)Q [+ AQua(t, A)]
- 1- AQ’”;’ 8, AQQ”%@’A)Q + A?R,5(t, A)
_ - A% _ A;Dw’gg’ gll(t’t) - %QRM(t, A)
+é {m %étt ’;) + a2l OQ(t’gJ’ g u(tt) | ARt A)}2 + A’R,5(t, A)
s (o [T s

where uniformly in ¢t > k, Qn2(t,A) = O(1) and R,;(t,A) = o(1) for j = 5,6.
Multiplying this by (97), the boundedness of the ratios %’étg) gives the result of
(94) satisfying (95) and (96).

]

Corollary 5.8. If a function p(s,t) = p1(s,t)pa(s,t) is the product of two functions
admitting a representation of the form (94) satisfying (95) and (96), so that

pit,t+A)=1- %@AQ + 0(A?)

with o(A?) uniform in t >k for both j = 1,2, then

[Vi(t) + Va(1)]

5 A? +o(A?)

pt,t+A)=1-—

again with o(A?) uniform in t > k.
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Lemma 5.9. The correlation function of the Gaussian process {Hn(es + %), —log2 <s< oo}

is of the form (94) satisfying (95) and (96) with k = — log 2.

Proof. Since our standardised score function sy (+) is of bounded variation, we may

use our result in (75) for our Gaussian process
1
H,(\) = / sx(G7H(w))dB,(u) from (78)
0
to derive the correlation function

E[H,(\)H, ()] = / 530 (G (10)) 8, (G ()

- / h $x ()52 ()dG (y) = E [Sn(M)Sn(X2)]

oo

Joo (= 1) (b, — 1) dG(y)
VI P = 11 [P -1
V(2A = 1)(2X — 1) [1 — e TCi+2-1)]
AL+ A —1 V(1 = e TRU-D) (1 — ¢~ T@e-D)

The correlation function of the re-scaled process {Hn(es + %), —log2 <s< oo}

becomes

p(t,t+A) = E[Hu(e'+ HH,(e"? + 1]
2 1 i 67T(6t+et+A)
- "2 _A —oTet —oTetiay (98)
e2 +e2 /(1 — e 2Te")(1 — e 2Te )

This is of product form as in Corollary 5.8 above. When A — 0 the first factor

can be written as

2
TS

A

e2 +e 2 8

where the remainder does not depend on ¢ and thus trivially satisfies (94), (95)
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and (96) with V(t) = 1.
The second factor is of the form (93) with

D(s,t) =1 — ¢ Te+e,
Note firstly that for all s, > k,
1—e*'T < D(s,t) <1
and thus assumption 3 of Lemma 5.7 is satisfied. The first derivative is

DO]_(S, t) — Tete—T(eS-‘ret)

(T€t)€_T6t€_T65

(Tet)e—(Tet)

IA

xT

IN

sup zre
x>0
—1

e
The second order partial derivatives satisfy

0> Dyi(s,t) = —T2e5tte Tt
= = [(Ten)e T |(Teye )]
> —e?
Dga(s,t) = (Te' —T7%*) o—T(es+et)
Dis(s,t) = —Te* (Te' — T?*) e "+

D22(87 t) = (Tet _ T2€2t) (T2625 . T@S) 6*T(€S+et).
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Finally, the third order partial derivatives satisfy

Dos(s,t) = (T°e* —T?e* + Te") o~ T(e et
Dis(s,t) = —Te° <T3€3t — T2 Tet) o~ Tle*+e)

Dus(s,t) = (T2 — Te*) (T — T2 4 Tet) -7+

Das(s,t) = — (T%¢* — T%* + Tel) (T%* — T?* 4 Tet) e T+,

Each of these expressions is also uniformly bounded (since z’/e~

xT

is uniformly

bounded for each 0 < j < 3). The conditions 1 and 2 of Lemma 5.7 are therefore

both satisfied. Thus for this second factor, (94), (95) and (96) hold with

40

V(#)

Dy (t,t)

Doy (t,t

T262t672Tet

D(t,t) { D(t,t))r

1 _ e—2Tet

_ t _ t
T2€2t€ 2Te . e 2Te
1 — g—2T¢ 1 _ e—2T¢

TetefZTet 2
1— 6—2T6t

A2 1—2 —2Tet

: 2
o (TetefTe >

Thus the product p(t,t + A) also satisfies (94), (95) and (96) with

0\ 2
. (Tete—Te )

e i N

1— 6—2Tet)2

1 —2¢721¢

o (Tete—Tet )2
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5.3.1 Proof of Lemma 5.1

Hiisler (1990) builds on the work of Leadbetter et al. (1983) and Berman (1985)
to consider large values of locally stationary Gaussian processes, which satisfy
Berman’s condition of long range dependence. We are able to utilise the results of
Hiisler (1990) if we are able to verify that a Gaussian process having the correlation
function p(s,t) from (98) is locally stationary. To do this, in addition to (94), (95)
and (96), we need to verify

0 <infV(t) <supV(t) < oc. (100)

t>k t>k

There are two cases to deal with here. Firstly, if e=27¢" < % then according to the

form (99) we can see that the first factor in the second term satisfies
Tet)”
0< <Tee_ e) < e 2

while the second factor of the second term in (99) satisfies

- 1 — 2672Tet -
0 - 1-— 26—2T8t + e—4Tet —

and so for such ¢, T,

>V(t)> - —e?~0.114.

Ny
Ny

Now, if < e~ 27" < 1 then we have

—1<1 -2 <
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and since for 0 < x < 1,

Ter-Z c1—er<a<1
2 2
we also have
(Tet)Q < (1 —2Tet)2 <1
and so for such ¢, T,
1 1 (T€ e_Tet)2 2T t
—<Vit) = =——-———~ (1 —2e "¢
4 —_ ( ) 4 (1 o 6_2T6t)2( € )
1 (Tete T2
< Sy 7
- 4 (Tet)?
1 ¢
S Z +6—2T6
5
< -,
— 4

We have thus established that for all t > —log 2,

1
1 e 20114 < V() <

W~ Ot

Thus condition (100) holds. This implies that our Gaussian process { H,(e* + 1)}
with correlation function p(s,t) given in (98) is locally stationary.
In order to utilise the results of Theorem 4.2 of Hiisler (1990), we must verify

the long range condition

1
tt+A) = A = o0, 101
S Pt A) 0(1og<A>) ws A oo (10D

so that conditions (5), (6) and (10) of Hiisler (1990) are satisfied. This is straight-
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forward, since the first factor in (98) satisfies

- = 2¢7 7 [1+o(1)]
ez +e 2

as A — oo which decays much faster than the rate in condition (101) above (i.e.
e~ logA — 0 as A — o0). Thus, by Lemma 5.9 and by Theorem 4.2 of Hiisler
(1990) we complete the proof of Lemma 5.1.

5.3.2 Proof of Lemma 5.2

Liu et al. (2003, equation (10), page 234) show that on a suitable probability space

there exist versions of {a,(u) : 0 <u <1} and {B,(u) : 0 < u < 1} satisfying

sup  ni an(t) = Bn(lu) = 0,(1)
Utn<u<Unn [u(l — u)]
= lan(w) = Ba(w)| = Op(1) [u(l —w)]in1. (102)

Case (1) When X € [logn,n(logn)™].
Letting v(\) = \/(2‘:)12 (1 — e~TA 1) the remainder term R,()\) from (77)

can be written as

=T

1-c PRV 1 T
RN = / ALl () — Bu(u)] + / [0 () — Bo(u)

v(A) Ty
= [an(1—eT) = B,(1—eT)] {AGT“Z(KT(M)}
+ /Ol—eT [ovn (1) — By(u)]d (—MZ(;A)U)H) o
= [an(1—eT) = B,(1—e)] [Aem” —eml)]
v(A)

A1 — e~ TO=1)
v(A)
= 0,(1) n~zlognA? = O,(1) (logn) ™.

—i—(?p(l)n_% logn { } using (102)
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Case (2) When A € [1,logn].

Similarly to Case (1), we have

[Ba(M] = [Su(A) = Hu(A)]

= 0,(1) n~2lognAz = 0,(1) n_%(logn)%.
Lemma 5.1 with C' = log,) n yields

sup  H,(\) = O,(1) (loggg) n)?.

A€[1,logn]

Thus, sup)ep jogn] Sn(A) V 0 = Opy(1) (log ) n)e.
Case (3) When ) € [n(logn)™*,n].
Lemma 5.1, with C' = logy) n yields

sup H,(A) = O,y(1) (logzyn)2.
Ae[n(logn)—4,n]

From (103), we can write

Ra(\) = Ap+ Ay + As + Ay,
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where

Ay = [a,(1—e")=B,(1—¢e")] [O\

o [ ()
A, = OUI’"mmu)—u]d(‘m ;&;M) and

A - /0U1,n B, (u)d (A(l —Ur(u)?)(kl)) |

From (102),

ey

-T

=

Al = Op(l) n-

(/\ _ 1)6—T(/\—1)
= 0,(1
B a0
due to the fact that A > n(logn)~* — oo. Note that (102) implies [, (u) — B, (u)] =
O,(1) ni (u(l — u))% and also that u = G(y) = O (1) y. We can show the asymp-
totic order of Ay, Ag, and A4 using the same reasoning as Liu et al. (2003), so that

we have

When 0 < u < Uy, we have F,(u) = 0 and (%) is a decreasing

function of y. Thus, Az < 0.
Finally, when 0 <y <Y, ,, we have B,(G(y)) = O,(1) G

[ NI
< Nle

(Y1) = Op(D) Y,

n:
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We note that Y1, = O,(1) £. Then we have

| Ayl

)

Therefore,

sup Sp(A) V0

A€[n(logn)—4,n]

Case (4) When A > n.
Note firstly that G(y) = O(1)y, F,.(y)

large A. Then from (76) we have

Sn(N) /0 sx (G (u))day, (u)

op

(1)y and that v(\) = O(1)Az for

o [Ty
— /0 v(N) d[F, ] + /1_6_T ey d[F,(u) — u]
— 2 /1_6T (F(u) —u) XA = 1)(1 — u)*2 "
0 v(A)
1 -7 _7 (A — 1)€—T(>\—1)
tn2 [F,(1—eT) = (1-eT)] oy )

11 t —
o [URCW) - CW))
v(A) uTt<T J) Yy

t
- N3 i 20—V
O,(1)n2 A tTl.ll,tHiT i N ye ¥ dy
= 0,(1)

This completes the proof of Lemma 5.2.
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5.3.3 Proof of Theorem 5.3

Lemma 5.2 yields that

M, = supS,(\) = sup Sn(A)

A>1 A€[logn,n(logn)—4]

= sup H,(\) + O,(1) (logn)~".

A€ [log n,n(log n)—4]

If we write A = e® + %7 then we have s = log ()\ — %) Applying this transfor-

mation to the upper bound of s in Lemma 5.1 yields

—4

A < n(logn)
1
— s < log (n(logn)_4—§>
efor 5]
= O n (10g n NN
& & 2n (logn) ™
1
= logn —4loglogn +log |1l — ——
& 8108 g[ 2n (logn)_J
1
= logn—410g10gn+op(1)—_4
n (logn)
= C,.
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As in Lemma 5.1, we define

Acn = 210g0
1
4logl log )
_ zlog{logn | Hloglogn ), M”
\ logn n
4logl log )
= \ {loglogn—l—log % + O,(1) <Oin) ]}
log logn
= /2loglogn + O,(1) log 1
1 12
= \/210g10gn |:]. +Op(]_) @}
= /2loglogn [1 + O0,(1) logn} : (104)

Lemma 5.1 yields
Ag, [M, — O,(1) (logn) ™" — Ag, ] + log(4m) = G, + 0,(1),

where G,, converges to a Gumbel distribution as n — oco. From (104) we have

A, — oo and letting K = log(4m), we can write

n— K 1
M, = Ac, + ¢ i *o(l) +0,(1) so that
Cn
M2 = A} +2[G,— K]+o0,(1), which implies
M? — A2
HTCTL‘FK = Gn+0p(1>.
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Therefore, we have

and substituting w = J yields

[V

lim P{M,— AZ +2K <y} =e¢"°

n—oo

(105)
as required.

5.3.4 Proof of Lemma 5.4

If pA <2, then we would have pA = O(1). Thus, we can assume here that pA > 2.
Similar to Liu et al. (2003) we define yo(p, A) = log(pA)/(A — 1), which we will
simply denote by .
Case 1 (yo>T).
If yo > T then

log(pA\)/ (A =1)>T = A>pr>eTOD — pr=0(1). (106)

Case 2 (yo < T).
We note that G(y) and F,,(G(y)) are identical to the functions for the gamma
distribution with x = 1 from Liu et al. (2003) for y < 7. Thus we have

i=1

L) = ([ [7) s - D)arGm + YTy

< / (em WO —p) dF, (G(y) + [1 = Fu(G(T)] e TV

Yo

+/0y0 [log2 + (yo — y)(A = )] dF,(G(y))-
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Note that F,(G(y)) = O,(1) G(y) and also that e7*~1) = O(1), otherwise
A = O(1) and hence pA = O(1).
Now, the first part of (107) yields

[ (D ) aB (Gl + 1 BAGD)] O

= [EJZ‘(T‘“)“‘” = p)Fa(G(T)) = (1 = p) Fu(G (o))

+ /y ) Fo(G(y))d(—e” @ wIOD) 4 [1 — F(G(T))] e "V
—pFo(G(T)) + (e”Tw0)OD) — o= TO=D) F(G(T))
+Op(1)/Tg(y)d(_e—(y—yom—l))+6—T(A—1>
- —pFn(G(;:)))+ (e-TwO-D _ ~TO-D) | (G(T
+0,(1) (—G(T)e (=)0 4 G(yo) +/Te =)D gG(y) + (A—l))
—pFa(G(T) + Op(1) ((Fu(G(T)) = G(T)) e~ T 4 e TOD (1 — F(G(T))))

+0,(1) (G(yo) + p(1 = Ga(w0))) -

IN

IN

Note that Equation 12 from Liu et al. (2003) yields

D=
N|=

s Jan(u)] = O,(1) (logy )

Ul,nSuSUn,n

(u(l —u))?, (108)

which is applied such that

log(

2)”)§ (e T(1 - efT))%

n

0,(1) ((Fu(G(T)) — G(T)) e T-wI0-0) = 0p<1>(

= 0p(1) for pA — 0.

The second part of (107) can be bounded by O,(1) G(yo) log(pA), thus, follow-
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ing in the same way as Liu et al. (2003),
n" Ln(p, A) < p{=Fu(G(T)) + Op(1) [h(p, ]} (109)

where the right hand side of (109) is decreasing when pA is large and h(p, \) — 0
as pA — oo. Therefore, when L, (p, A) > 0, we have pA = O(1).
This completes the proof of Lemma 5.4.

5.3.5 Proof of Lemma 5.5

We define

1 n
P, 1= - A Y;
SX n 4= sy (Y3)
1 )\]I{Gil(u)<T}e—G*1(u)(/\—1) _ 1] 2
= / du

0 v?(A)
) [)\H{G*I(u)<T}e_G—1(u)(,\—l) _ 1]2
o - A (Fuu) —w)
" _)O-D Z1)?
= [ P )
1 e—TO-1) _ 1)2
+/1_ -7 ( v2(N) 1) d(Fp(u) —u)
—TO-1) _ 1)2
~ g () g - =Rl —e™)]
F.(1— eqi)(;)(l - €7T) {>\2€72T(x\71) — e T 1}
1o T d [(A1 - —1)"
_/0 [Fu) = u] - [ 00 ] du

= 1+ A5+ A¢+ A,

132



where

Ay = / T (FGW) - Gw) d(~w)).

B = Jm | (F(G(y) ~G)d(-s(y) and
_ [F”(l — e;T) — (1 — €7T>] 2 _ 1) 2T(-1) _9)eTO-D)

Case (1) When X € [A\*,n(logn)™].
Since F,(G(y)) and G(y) are identical to the case in Liu et al. (2003) with
k =1 for y < T, using the same steps as their’s (although ignoring the second

term in their Ajs), we have

|As] = O,((logn)™") and
Al = O,((logn)™).

We can also see that

[F,(l—eT)—(1—eT)]

Aq| <
Al = 402(\)

since Afe~27A~1) is uniformly bounded in A for k = 1,2. When \ € [logn, n(logn)™],
we have v?(\) = O(1) so that from (108) we can see that |A7| = 0,(1).
Case (2) When )\ € |n(logn)™, Yll,n .
We define

A% (2, 0) = (2A — 1)(e D — \71)2 (110)

to be the same as the square of the centered, standardised score function for the
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case of kK =1 in Liu et al. (2003). Note that Lemma 4 of Liu et al. (2003) yields

1
=0,(1 111
S VT R (1)
Note that,
(1- e—(A—l)T>2 e~ (A-DT _ 9o=(A-DT 4 o~(2A-2)T
1 _e-@-—DT 1+ 1 — e~ @A\-DT
= 1+0(1) as n — oc. (112)

Then using (112) we can show directly that

n n r (N_ 2 H{%‘ZT}
1 ) 1 (1 (A 1)T) 1
- E }/; - - X2 iy )\ -
n = SA( ) n ; (a: ) (1 _ )\e—(x—mi)? 1 — e-T(22-1)

i (1 _ e(Al)T)2]

1<~ o
= E;XW%A) 1 — e—(@A-1)T

_ %ZM(%A) 1+ o(1)] (113)

Then (111) yields that

1

—% ST 2 =0,(1). (114)

This completes the proof of Lemma 5.5.

5.3.6 Proof of Theorem 5.6

The proof of Theorem 5.6 is identical, mutatis mutandis, to the proof of Theorem

2 in Liu et al. (2003).
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6 Conclusion

In this work, we have explored the theory and applications of various multi-regime
models involving Markov chains. We have addressed a series of problems involving
non-homogeneous data, where Markov chains are used in the parameter estimation
procedure as well as in the model itself. We saw in Chapter 2 how a multi-regime
model can be applied to a single discrete time series. Specifically, we applied a
Poisson change-point model to the history of quarterly driver fatality counts in the
state of Victoria, Australia. This approach is the first of its kind on this data and
provides some useful insights into when change-points occurred in the data and
what the magnitude of the changes were. We gained a deeper understanding of
the properties of the Markov chain used in the estimation procedure. That is, we
proved that the Gibbs sampler for the Poisson change-point model is geometrically
ergodic. This result is of great importance to practitioners using Poisson change-
point models in a Bayesian framework for many different types of data. Thus, given
a specific convergence level for the distribution, the minimum number of iterations
required can be calculated. Although we have identified a key quality of the
convergence rate of the sampler, the calculation of the specific rate of convergence
is left for further research. It would also be of interest to see if the bounding
technique of Section 2.4 can be used to prove geometric ergodicity of MCMC
algorithms for other models.

The Gibbs sampler is again used in Chapter 3. Here, we are applying a double
chain Markov model to multiple discrete time series of differing lengths. Conver-
gence of the Gibbs sampler is improved by adding an additional step, where the
hidden data labels are randomly permuted. The nature of the data provides a
challenge when specifying the exact steps for parameter estimation. We derive
these steps and apply the model to credit rating migration data that are driven

by Markov chains that are selected from a Markov chain of hidden regimes. When
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we overlay the regimes selected by the model on the data with historical economic
data, we are able to see that a remarkable pattern emerges, where credit migration
dynamics switch in positive and negative market conditions. We also show that
our model is more effective than other existing double chain Markov models, using
a simulation study. It would be of interest to further the theoretical work on this
problem so that we can develop more specific results about the convergence rate
of the modified Haar PX-DA algorithm and to compare it to the convergence rate
of the regular DA without the extra permutation step.

A similar dataset on credit rating migrations, albeit with multiple observations
over continuous time, is involved in Chapter 4. The multiple regimes are across the
population rather than over time, thus we are studying a Markov chain mixture
model for the data. We address the problem of testing for the number of mixture
components using the log-likelihood ratio. We adapt the results of Fukumizu
(2003) that show the divergence of the log-likelihood ratio under certain conditions,
to show that the log-likelihood ratio for our model also diverges to infinity. This
is contrary to the claims of Frydman (2005) and we provide evidence for our claim
through a parametric bootstrap procedure. We then look at a simplified version
of the mixture problem, where each Markov chain mixture component has only 2
states, one of which is the absorbing default state, which is equivalent to a mixture
of censored exponentials problem.

In Chapter 5, we analyse this particular problem and derive the exact limiting
distribution of the log-likelihood ratio test statistic, so that we are able to test for
the presence of a mixture. Each of the problems we explore enable us to gain a
greater understanding of the nature of multi-regime models that involve Markov
chains in the parameter estimation procedures or in the models themselves. These
significant insights are gained through the application of these models to address

practical problems that do not have a clear solution.
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It would be of interest to develop a general theorem, similar to Fukumizu
(2003), which applies to a greater number of Markov chain components than the 1
vs. 2 component test we explored. The results of Chapter 5 could also be extended
to tests for the number of mixture components of N-state Markov chains with
N > 2, to derive the limiting distribution of the log-likelihood ratio test statistic.
This would enable the theory to address all of the problems involving tests for
the number of mixture components in the class of models discussed in Frydman

(2005). We leave these problems to be explored with further research.
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A Covariance calculation for stochastic integrals

The left hand side of (75) on page 109 can be written as follows

B {[am - [ i dgH - [ W]}
:]E{g /W u)dh(u)
i [mamr [ [rioionons).

= 9(DA(1) = g(1) / wan(u) ~ 1(1) [ gt

o[ [ ndtonanc ° s

The fact that we may take expectations inside these integrals follows e.g. from the
representation of the Wiener process as a series W(u) = >, A;(u)Z; for indepen-
dent standard normal random variables {Z;} and a countable class of continuous
functions {A;(-)} satisfying > A;(u)A;(v) = u Av for all 0 < u,v < 1 for our
counting index j = 1,2,... and with u A v denoting the minimum of v and v (see

McKean (1969) for further details).
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The last integral at (115) in turn can be written as

— g(1)h(1) - h(1) / g(u)du — / l9(1) — g(0)] h(v)dv

v=0

= /0 g(uw)h(u)du — g(1)h(1) +g(1)/0 udh(u) + h(l)/o udg(u).

Inserting this into (115) gives the result.
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