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Abstract

Mixture models have gained popularity in statistical analyses because of their flexibility in cap-
turing local variations in heterogeneous populations. Model based approaches to classification
use mixture models to fit data via maximum likelihood based approaches and provide labels to
unlabelled observations. Over the years model based approaches have grown into an important
sub-field of classification because they provide the uncertainty of classifying the unlabelled ob-
servations as probabilities. Despite many advances in model based approaches to classification,
not much work is evidenced in the literature where reliability data is concerned. The Weibull
mixtures are often used in modelling reliability data but they are limited to data with monotone
failure rates. To this end we introduce a Beta Weibull G (BWG) mixture that provides an appeal-
ing framework for handling reliability data with non monotone failure rate functions. Parametric
estimation is executed by the Expectation Maximization algorithm, which is an extension of max-
imum likelihood estimation. The Bayesian Information Criterion is used for model selection.
Model based clustering and mixture discriminant analysis techniques are used to assign labels
to unlabelled observation. These labels are cross validated by the Adjusted Rand Index. Ad-
ditionally, parsimony is introduced to the BWG mixtures, by adding constraints on some of the
parameter estimates. The constrained models give rise to simple models with great explanatory
predictive power. To demonstrate the utility of the proposed approaches, different data sets are
simulated to mimic reliability data with non monotone failure rates. The findings of this the-
sis demonstrate that mixtures of the BWG family of distributions fit heterogeneous population
with non monotone hazard rates better than mixtures of the Weibull distributions as evidenced
by higher values of BIC for BWG mixtures. The BWG mixtures performed better than Weibull
mixtures in both model based clustering and mixture discriminant analysis as demonstrated by

high values of the ARI.



Chapter 1

Introduction

Reliability studies investigate time-to-event of objects in a population. This could be the time it
takes for car tyres to be worn out, light bulbs to die or yarn fabrics to break. Conventionally, the
Weibull distribution is used to fit reliability data, see Nelson (1985), Rinne (2008) and Meeker and
Escobar (2014) . Fitting reliability data with the Weibull distribution is done under the assump-
tion that the data has a monotone failure rate function. The monotone failure rate functions only
capture failure rates that either decrease or increase over time. These are events when defective
items are removed early from a population or when items become defective at a later stage in a
population. However, there are cases where the failure rate function is non monotone. Examples
of such cases include bathtube failure rate function discussed by Almalki and Nadarajah (2015)
and unimodal failure rates studied in Merovci and Elbatal (2015). In these cases the Weibull

distribution is not a reasonable fit due to the non monotone failure rate functions.

Over the years, there have been some generalisations of the Weibull distribution to accommodate
various forms of the failure rate function. Examples include new generalised class of modified
Weibull distributions investigated by Oluyede et al., (2015) , gamma Weibull G family of distri-
butions suggested by Oluyede (2018) and the Beta Weibull G family of distributions (BWGQG) intro-
duced by Fagbamigbe et al., (2018) . Even though the BWG family of distributions is flexible in

modelling various failure rates, it does not provide a sufficient fit for a heterogeneous population.

Heterogeneous data usually occur when the observed data aggregate into two or more groups
which result in unknown distributional shapes. Authors such as McLachlan and Peel (2000)
and Titterington et al., (1985) argue that heterogeneous data are not sufficiently fitted using
one statistical distribution due to their unknown distributional shapes. A common approach

when data do not follow one statistical distribution is to use mixture distributions. These are



compositions of more than one statistical distributions. Mixture distributions are convenient in
fitting heterogeneous data due to their flexibility in capturing local variations in observed data,

as opposed to using one classical distribution.

In the context of mixture modelling, data are viewed to be arising from more than one population.
The distributions of the underlying sub-populations are called the component distributions and
their weighted sum is a probability distribution called the mixture distribution. Mixture models
have been used by several authors in fitting heterogeneous data. A classical example is the work
of Pearson (1894), who applied a mixture of two normal distributions to a data set from Weldon

(1892) , where the normal distribution was a poor fit for the skewed data.

Apart from fitting heterogeneous data, mixture models are a good tool to use in classification
problems, see Ko et al., (2007), McNicholas (2010) and McNicholas (2016). Classification is
concerned with assigning labels to observations where either all observations do not have labels
or some observations do not have labels. Classification can be explained in terms of clustering

and discriminant analysis.

1.1 Clustering and Discriminant Analysis

Clustering partitions data into groups with similar characteristics, on the assumption that none
of the observations has a prior class label. Some of clustering techniques include approaches
such as hierarchical clustering, K-means clustering and model-based clustering. K-means and
hierarchical clustering are simple techniques but they are not always ideal for mixture models.
This is because K- means clustering is sensitive to noise and outliers while hierarchical clustering
is such that once a particular merge or split decision is made then the method cannot backtrack

and make any adjustments. Moreover, the method does not have explicit clusters.

A superior approach to clustering is the model based clustering technique. Model based cluster-
ing is explained by McNicholas (2010) as an unsupervised learning technique that uses mixture
models to aggregate data into clusters. Observations following the same distribution are assigned

to the same cluster.

Discriminant analysis on the other hand is a type of classification in which some observations

have class labels whilst other observations do not have labels and only the observations which
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are prior labelled into groups are used to infer labels of unlabelled observations. Fisher’s discrim-
inant function, Linear discriminant analysis (LDA) and Quadratic discriminant analysis (QDA)
are the most commonly used techniques due to their ease in implementation. Unfortunately these
methods have strong assumptions. For example, Fisher’s discriminant method assumes equal co-
variance structure of the underlying population while LDA assumes normality and homogeneous
class covariance and QDA assumes normality with heterogeneous class covariance. When these

assumptions are violated, an alternative approach is the mixture discriminant analysis (MDA).

Mixture discriminant analysis, explained in detail by Hastie and Tibshirani (1996), is a super-
vised learning technique that uses mixture models to develop a discriminant rule. In MDA, la-
belled observations are used to derive the discriminating rule, then the unlabelled observations

are assigned labels based on this discriminating rule.

1.2 Contributions

An extensive literature review on mixture models of reliability data, yields mixtures of the classi-
cal Weibull distributions, see Bucar et al., (2004) , Qin et al., (2012), Razali and Al-Wakeel (2013)
and Shin et al., (2016). However, it can be argued that mixtures of the classical Weibull distribu-
tion do not model heterogeneous population with non monotone failure rates effectively. To this

end, the use of the Beta Weibull G family of distributions in mixture modelling is proposed.

A hypothesis that the BWG mixture out performs the mixture of Weibull distributions is made,
because the BWG family of distributions is more flexible than the Weibull distribution. In this
thesis two special cases of the mixtures of BWG family of distributions are developed. These
are mixtures of Beta Weibull log logistic distribution (BWLLoG) and mixtures of Beta Weibull
Exponential distribution (BWE). These extensions have applications in the textile industry as
demonstrated by Fagbamigbe et al., (2018) , and these mixtures could also be applied in other
areas where the reliability data follow non monotone failure rate functions. The utility of the
proposed mixtures will be demonstrated by real data sets and simulated data sets. Parameter es-
timation for the mixture models will be done using the Expectation Maximisation (EM) algorithm

and the Bayesian Information Criterion (BIC) will be used for model selection.

The contributions of this thesis are as follows.

e Mixtures of the Beta Weibull G Family of Distributions.

The proposed mixtures fill the gap where fitting heterogeneous reliability data sets by the

11



classical Weibull mixture is not a reasonable fit. This typically occurs when the underlying
sub populations have non monotone hazard functions. Also some constraints are imposed on
parameters of the BWG mixture models, resulting in simpler models with high explanatory

and predictive power.

e Model Based Classification with Mixtures of the Beta Weibull G Family of Distributions.

We propose model based approaches to classification that are tailored for reliability data:
where the underlying sub populations have non monotone hazard functions. These model
based approaches to classification are also extended to using BWG mixture models with

fewer parameter estimates.

1.3 Thesis Structure

1.3.1 Chapter 2

This chapter provides background information on;

e Mixture distributions with emphasis on parameter estimation using the Expectation Max-
imisation (EM) algorithm as an extension of maximum likelihood estimation.

e The Newton Raphson algorithm and EM algorithm and their application in parameter
estimation.

e Criterion used for model selection.

e Model based clustering (MBC).

e Mixture Discriminant Analysis (MDA).

e Performance diagnostics in clustering and discriminant analysis.

e The Beta Weibull G family of distributions.

1.3.2 Chapter 3

This chapter consists of the contributions of this thesis.

e The construction of mixtures of the Beta Weibull G family of distributions.
e An overview of how the EM algorithm will be used for parameter estimation in mixtures

of Beta Weibull G Family of distribution is given.

12



e An overview of how model based clustering and mixture discriminant analysis with mix-
tures of Beta Weibull G Family of Distributions.

e Special cases of mixtures of the Beta Weibull G family of distribution being the mixture of
Beta Weibull log logistic (BWLLoG) distribution and the mixture of Beta Weibull Exponen-
tial (BWE) distribution.

1.3.3 Chapter 4

In this chapter the utility of the proposed techniques in Chapter 2 is demonstrated by;

e Providing simulated data sets and some real life data sets to be used in the analyses.
e Fitting both the full and parsimonious mixture models of the BWG family of distributions.
e Performing model based clustering and mixture discriminant analysis using the BWG

mixtures.

1.3.4 Chapter 5

This chapter highlights the conclusions reached from this work and makes suggestions for future

work.
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Chapter 2

Background

This chapter provides background information on mixture distributions with emphasis on param-
eter estimation using the Expectation Maximisation (EM) algorithm as an extension of maximum
likelihood estimation. A detailed account of the Newton Raphson algorithm and EM algorithm
is also provided. In addition this chapter addresses convergence criterion of the EM algorithm
and model selection. A discussion on model based clustering and mixture discriminant analysis
then follows. Within the chapter, diagnostics in clustering and discriminant analysis are also

discussed. A discussion of the Beta Weibull G family of Distributions concludes the chapter.

2.1 Mixture Distribution

Mixture distributions model heterogeneous population by a weighted sum of probability density
functions with non negative mixing proportions that sum to unity. The statistical distributions
of the sub-populations are called the components of the mixture and their weighted sum is a

probability distribution called the mixture distribution.

A formal definition of a parametric finite mixture given by Titterington et al., (1985), is as follows.

Let X be a set of observations from a distribution with a density function
€
f@]©) = mofslx | 0,) 2.1)
g=1
then xz € X arises from a parametric finite mixture distribution, where G is the number of compo-

14



nents of the mixture, 7, > 0 are mixing proportions such that

Zngl g =1, ©® = [m,...,7q, 01, ...,0¢] is the vector of parameters and f,(z | 8,) is the compo-
nent probability density function of the ¢ component. Usually the component distributions are
taken from the same family of distribution.The vector of parameters ® = [ry,...,7g, 01, ...,0¢] is

unknown and it should be estimated in order to fully characterise the mixture model.

2.2 Parametric Estimation of Mixture Distributions

There are several methods that can be used to approximate the vector of parameters ©® =
[71, ..., TG, 01, ..., 8c]. These include methods of moments, maximum likelihood estimation (MLE),
Bayes’ estimation and minimum y2. Authors such as Day (1969), Tan and Chang (1972), Hol-
gersson and Jorner (1978) have compared the afore mentioned techniques and concluded that the

best fit is achieved by the maximum likelihood estimation.

A formal definition of the likelihood function of a mixture distribution given by McLachlan and

Peel (2000), is

0O | z) = szgf zi | 0,), (2.2)

i=1g=1

where n is the number of observations, z; is the i** observation and G, 74,0, are the same as in

equation 2.1.

Then the log likelihood function of a mixture is defined by

0o | z) = logHZng (i | 0,). (2.3)

i=1g=1

To simplify the computation of the log likelihood function of the mixture for each of the groups
the variable z;, associated with the i’ observation in the g group is introduced. The variable,

ziq equals to 1 if the observation x; belongs to a sub-population g and 0 otherwise and the vector

Zz — [Zﬂ, ZiQy eeey an].

The G component mixture distribution is such that the observation x; belongs to exactly one of
the sub-populations ¢ = 1,2,...,G. The observed data are viewed to be incomplete because the
latent variables associated with component labels are unobserved. McLachlan and Peel (2000)

incorporated the latent variable z;, in the log likelihood function of mixture models, resulting

15



in the complete log likelihood function of a mixture distributions. The complete log likelihood

function of a mixture distribution is defined by

(O] z,2z) ZZ% (logmg + logf(x; | 8y)). (2.4)

i=1 g=1

The complete log likelihood plays a key role in parameter estimation via the EM algorithm as

outlined in section 2.2.1.

2.2.1 The Expectation Maximisation Algorithm

The EM algorithm proposed by Dempster et al., (1977) , is a general iterative method for
maximum likelihood parameter estimation when the data are incomplete. The EM algorithm
works well in estimating parameters in mixture models. The algorithm alternates between two
steps, the expectation step (E-step) and the maximisation step (M-step). On each E-step, the
expected value of the complete-data log-likelihood is calculated conditional on current parameter

estimates.

Let Q = 00.(®© | z,z) be the complete log likelihood of the mixture model defined by

n G
Q= Z Z ZigZOQ(Trgf(wi | 09))-

=1 g=1

The expected value of the complete log likelihood is calculated as follows,

n G
=" log(myf(wi | 8y)) Elzig | 4. (2.5)

i=1 g=1

By Bayes theorem, the expected value (e;,) of the latent variable z;, is calculated as

Elzig | z;] = P(zig=1]1;)
ng(xi | eg)

S mf (i | 0r)
— 2.6)

16



From (2.5) and (2.6) it follows that,

n G

EQ) = Zzlog(ﬁgf(xi | 64))eig
i=1 g=1
n G n

G
= Z Z(eiglogﬂg) + Z Z eiglogf(x; | 6y). 2.7

i=1 g=1 i=1 g=1

The updated log likelihood follows from replacing z;, by their expected values. This is equivalent

to replacing z;, by its estimate 2;,.

51y = g f (i | Oy) (2.8)

Y A | Oy)

For each M-step, the maximum likelihood estimates of the model parameters are updated based
on maximising the expected value of the complete-data log-likelihood (¢/.(® | z,z)) from the

preceding E-step with respect to ®. Then by using Lagrange multipliers ()\),

3

9 G G
o > Z(éiglogwg) + )\[Z mg—1] | =0

7 g=1 i=1

and

3

9 G G
I\ ( Z(éigl(’gﬁg) + )‘[Z Tg — 1]) =0,

thus A = —n.
Then the updated estimates 7, are obtained as
1 n G
== % (2.9)
s =1
The updated estimates ég are obtained as solutions of
9 n G
%, DY zigllogf(xi | 8,)) | =0. (2.10)
i=1 g=1

Where there are no analytical solutions to equation 2.10 numeric techniques are used to find
updated estimates ég. There are several iterative techniques that are used to calculate numeric
solutions to problems in optimizations when analytical solutions are not plausible. These include

quasi-Newton methods, modified Newton methods and Newton Raphson method.
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2.2.2 The Newton Raphson Algorithm

The Newton Raphson method explained by Little and Rubin (2014) is a technique that uses the
linear Taylor series expansion to find maximum likelihood estimates. In the context of finite mix-
tures, a system of partial derivatives of the complete log likelihood is represented as a Jacobian

matrix denoted by J(® | x,z). Thus the Newton Raphson method finds solutions to

_ Oll.(©,z | )

=0.
20,

J(O | z,z)

The gradient of J(® | z) is approximated by a linear Taylor series expansion about the current
estimate ®() of the parameter ©®. The gradient of J(© | z,z) is a Hessian matrix denoted by

H(® | z,z) and defined by
AR ARD

H(® | 02) = =00

Hence,

J(z,2|©)~ J(z,z | O®)) — HOO | 2,2)(© — V),
The new estimate ©®*1) is found by rearranging the equation above.

et x 06 + H 1OV | z,2)J(x,z | ©).

In this thesis the M step in the EM algorithm will be executed using the Newton Raphson algo-

rithm.

The EM algorithm will alternate between these two steps until a convergence criterion is sat-
isfied. Conversely the EM algorithm is stopped when the likelihood function is not improving
significantly for consecutive iterations. That is when ¢(*t1) — ¢(k) < ¢ where ¢ is a small value

indicating the allowed margin of error.

Over the years several authors such as Aitken (1926), Bohning et al., (1994), Lindsay (1995) and
McNicholas (2010) have made suggestions on the convergence criterion of the EM algorithm. In
this thesis the convergence criterion suggested by McNicholas (2010) will be used. This criterion
is given by

(kD k) < ¢

where (ETY) — gk) | 1_(11(@ (¢k+1) — ¢(®)) and o*) = 721,:_12@(_(2

18



2.2.3 The Bayesian Information Criterion

The Bayesian Information Criterion (BIC), proposed by Schwarz (1978) is given by
BIC = 20((® | ) — plog(n),

where © is the maximum likelihood estimate of ©, #/(® | ) is the maximised log likelihood and

p is the number of free parameters. The larger the value of BIC the better the model.

According to Keribin (2000) and Dasgupta and Raftery (1998) the BIC is commonly used to choose
the number of components in mixture models. Even though the BIC is popularly used, McNicholas
(2016) argues that it does not necessarily give the best classification performance amongst candi-
date models. In this thesis the BIC will be used for model selection because it penalises for the

number of parameters used in the mixture model.

2.3 Model Based Clustering

Model based clustering uses finite mixture models to perform clustering. This method supposes
that the data follow a certain probability distribution model and it allocates observations fol-
lowing the same distribution into the same cluster. This is achieved by finding the maximum
likelihood estimates of the mixture model via the EM algorithm and obtaining the partitions by

using posterior probability estimation.

The predicted clustering results are given by a posterior probability defined by

- . o
2ig = ﬂ-gf(x | g) (211)

S S (x| 6n)

The estimate 7, can be viewed as the prior probability that z; belongs to the ¢'" sub-population.
Then the posterior probability of z;, given the observed value of z; will be central for clustering

purposes.

According to Kaufman and Rousseeuw (2009) and Bezdek (2013) the assignment of points to clus-
ters is soft, if the membership of a data point in a cluster is given as a probability. This allows the
observations to belong to several clusters simultaneously, with different degrees of membership.

The assignment of points to clusters is hard if a strict regulation that each observation belongs
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to exactly one cluster is imposed. The assignment of labels can be hardened by the maximum a
posterior (MAP), MAP{z,,} = 1 if g= arg max;, {Z;,} occurs at component » and MAP{%;,} = 0 oth-
erwise. This allows each observation to belong to exactly one cluster. Each observation is assigned
to a cluster where the degree of membership of that observation is maximum. In this thesis the
model based clustering with hard posterior will be used so that each observation is assigned to

exactly one cluster.

2.4 Performance Diagnostics in Clustering

2.4.1 The Adjusted Rand Index

The Adjusted Rand Index suggested by Hubert and Arabie (1985) is a correction of the Rand index
for the number of pairwise agreements that would be expected to occur if the observations were
classified at random. The similarity evaluation is defined by

RI — expectedRI

mazimumRI — expected RI’

ARI =

where RI is the rand index.

The Rand Index (RI) by Rand (1971) is an evaluation measure for a clustering problem based on
the number of pairwise class agreement (A) and the number of pairwise class disagreement(D)
between object pairs thus making a comparison of the true class labels and the predicted class

labels. The similarity evaluation is defined by

A

[ =
r A+D’

where RI € [0, 1], and RI=1 indicates perfect class agreement. The interpretation of the ARI is
similar to that of the RI except that an ARI value of 0 indicates classification results that would
be expected under random classification. In this thesis, the ARI will be used to cross validate the
labels assigned by model based clustering and mixture discriminant analysis techniques since the

ARI is corrected for random allocation.
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2.5 Mixture Discriminant Analysis

Mixture discriminant analysis is based on the use of finite mixtures to perform discriminant anal-
ysis. This method as explained by Hastie and Tibshirani (1996) , allocates observations following

the same distribution into the same group.

Suppose there are n observations where only the first & observations have a prior class label.
Within the mixture discriminant analysis paradigm only these k observations are used to es-
timate the model parameters via the EM algorithm. The class labels of the n — k& unlabelled
observations are then predicted by posterior probability defined by

e g f (25| 6y) (2.12)

O S (x| Oy)

forj=k+1,...,n.

These Z;, play the role of a discriminant rule. Similar to model based clustering the posterior

predicted classifications are soft and they can be hardened to MAP classifications.

2.6 The Beta Weibull G family of Distributions

Beta Weibull G Family of Distributions (BWG) was proposed by Fagbamigbe et al., (2018). It
generalizes the Weibull distribution which is widely used in survival analysis and reliability

studies.

Let X = {x1,x9,...,z,,} be a set of observations coming from a BWG family of distributions. Then

x € X has a probability density function (pdf) given by;

o] z;v)P—1 x;v B
fBWG(x;a) ba O[,B,U) = B(fb)m(l‘;v) ]]\\_ﬁéxzviﬁﬂ—l exp {—Oéb [%EIZU;} }
) B a—1
_ _ | M=)
X [1 exp{ a [M(a:;u)] }} , (2.13)

where z > 0, a > 0, b > 0, « is a scale parameter such that o > 0, 8 is a shape parameter
such that § > 0, v is the parameter of the underlying baseline distribution such that v > 0.
Moreover, m(z;v) is the probability density function of the baseline distribution, M (z;v) is the

cumulative distribution function of the baseline distribution and M (z;v) is the survival function
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of the baseline distribution.

The BWG family of distributions models complex data with non monotone failure rates such as
bath tube and up side down bath tube. It is thus more flexible than the Weibull distributions.
Fagbamigbe et al., (2018) used the BWG family of distributions to fit the time to failure of yarn,
taking the underlying baseline distribution to be the log logistic distribution. In this thesis the
BWG distribution will be used as a component density for mixtures of reliability data with non

monotone failure rates.
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Chapter 3

Mixture of the Beta Weibull G Family

of Distributions

This chapter begins with the construction of mixtures of the Beta Weibull G family of distribu-
tions. As previously discussed in the introduction, mixtures of Beta Weibull G Family of distri-
butions are used in a heterogeneous population that has several causes of failure where each
cause of failure follows a Beta Weibull G distribution. The chapter proceeds by developing an
EM algorithm that will be used for parameter estimation in mixtures of Beta Weibull G Family of
distributions. We further develop model based clustering and mixture discriminant analysis tech-
niques that are tailored for mixtures of Beta Weibull G Family of Distributions. The chapter ends
by giving special cases of mixtures of the Beta Weibull G family of distribution being the mixture
of Beta Weibull log logistic (BWLLoG) distribution and the mixture of Beta Weibull Exponential
(BWE) distribution.

A BWG mixture follows from equation 2.1 where the component distributions follow from equa-

tion 2.13. Thus the mixture will be defined as ;

a
flz]©) = ZngBWG($§agvb97agvﬁgvvg)

g=1
G . - . B

_ 779%59 M (z;0y)% " M (x;04) 17
Z Blag, by m(@; Ug)M(x; vg)Pot1 exp | ~Agby M (x;vg)

O PR {M(l’%)} S 3.1)

T M (o) '

The parameters in the above mixture distribution are unknown and they are estimated based on
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the complete log likelihood function.

3.1 Parametric Estimation of BWG Mixtures

The complete log likelihood function of the mixture of BWG follow from equation 2.4, thus defined

as;

n G
(O | x,z) ZZng logmg + log f pwa(2i; ag, by, g, By, Vg)]
=1 g=1

G
agp M (zi;v0q)P9 ! M (i Ps
=33 &, (l gB gbg) + log[m(z4;vg)] + log [W] — agby [M]

i=1 g=1
) + Z Z ziglog(my) (3.2)

M i
+ (ag — 1)log |1 —exp { —ay M
M (zi;v4) P o

The afore log likelihood function is used in the Expected Maximisation for BWG mixtures to

3

estimate the unknown parameters.

The EM has been explained in chapter 2 as an extension of maximum likelihood estimation. Iden-
tifiability is a necessary requirement for asymptotic theory to hold for the maximum likelihood
estimation of parameters in mixture models, as such, the identifiability of BWG mixtures has to

be proven before using the EM algorithm.

3.1.1 Identifiability of BWG mixture models

We prove the identifiability of BWG mixture models following an approach by Chandra (1977)
based on Theorems 5.4.1 and 5.4.2 of the appendix.

Let T be a random variable with a BWG pdf. Since moments functions are unique for each

distribution, define ®,(s) as the s moment of the ¢ mixture component. Then

A Db+ )PT(@T(B) + B +k+1) [
- 22 TRRTREA KoL Kt e MR OIMTC TS

for g=1,2 and i, j, k € Z*. Note that Dg = (—f3,00) for 8 > 0 and if 8; < 32 then Dy, C Dg,.
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Let t be a value T, then from theorem 5.4.1 F; < F> when 31 < 32 and a; = as with as < tor f =2

but o > as.

Let s = —f1 + 2 where s; € Dg,. When s; — —3 then n — oo. Thus,

_ 1
lim ®(s) = lim a4 BH_"F(l +

s—F1 n—00

_ 1
BlﬁJrn) = O/flr((ﬁ) — +00. (3.4)
1

On the other hand when 3; < 8> and a; = a9 < t we have

B1

lim ®y(s) = a;'T(1 — Z5) > 0. (3.5)
s—>—,81 ,62

thus

lim

Oy(s) 0 'T(1—5) >0

= =0 (3.6)

s—pB1 <I>1(s) +00

Hence the BWG mixtures are identifiable and the EM algorithm and its extensions can be used.

3.1.2 The EM Algorithm for BWG Mixtures

A suitable approach to parameter estimation in mixture models is via the EM algorithm. The

expected step of the EM algorithm used for BWG mixtures follows from equation 2.5 and the

estimation of mixing proportions follow from equation 2.9.

E(00.(® | 2,2)) =

where

Elzig | 2]

E[tt.(©,z) | x]
n G

DD log(mgf swa (s ag, by, g, By vg) Elzig | wil, (3.7

i=1 g=1

= Plzig=1] i)
Tof Bwa (i | ag, by, ag, By, vg)

S mnfwa (@i | an, by, an, Bryvn)
_— 3.8)
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thus,

n G

E(l(® |z,2)) = ZZZOQ(ngBWG(xi | ag, by, atg, By, vg))eig
i=1 g=1
n G

n G
= Z Z(eiglogwg) + Z Z eiglogfswa(xi | ag, by, o, By, vg)- (3.9

i=1 g=1 i=1 g=1

The log likelihood of BWG mixtures is updated by replacing the z;, by their expected values. This

is equivalent to replacing z;, by

fof Bwa(i | dg, by, tg, By, By) ' (3.10)

Zig = e e
Y he1 TnfBwa(Ti | an, by, Gy, B, On)

The M step of the EM algorithm will be carried out by maximising the updated complete log
likelihood of the BWG mixture. This requires solving a system of equations of partial derivatives

of the complete log likelihood.

These partial derivatives are calculated in appendix 5.1 and given as

000,(0,2| 1) & 1
0B, _ZZZ%”’(B

e R

n G B

M (; !
M S g (Ipo(ag + bg) — wo(ag)] +log 1—exp{—ag [Mﬁiﬂ H) 613
llg:1 1y ¥Yg
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G

zZ|x - Lq; U o
MC(?()’Q’) — ; ; Zig ([QOO(CZg +bg) — polbg)] — ag {M(Q)} ) (3.14)

and
n G
M ZZZW(m (z; im(ﬂfi,vg) + MiM(%%) - Miﬂ(%vg
7y g

=1 g=1

M (25,05 \ P 1 -
- b = * 9 7 M 2 - —M (2]
bl (M(a:) <M<xi,vg> gu, M@ V0) = [, o P By L 000

M (4,04 M (x;,vq) Ovg
(3.15)
The updated estimate for 7, is obtained as
1 n G
Ry = nzlzlzg (3.16)
i=1 g=

The partial derivatives with respect to a, b, «, 5 and v do not have analytic solutions. They will

be solved by the Newton Raphson algorithm which was explained in chapter 2.

The Jacobian matrix is set up as

000.(©, 2z | )

‘](09 | .ZL"Z) = 80
g

=0.

0U.(O,z | x)
Oay

0. (O, z | )
0By

0l.(©,z | x)
day

ovL, (G) z|x)
Oby

0U.(O,z | x)
0vg

J(Oy | 2,2) =
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and the Hessian matrix as

0002(©,z | )

dal
0@,z | x) 02 (O,z|x)
O0ay0B, o2
OO,z |z) 00O,z |z) O0?(O,z|T)
H(O, | 2,2) = dagda 0B,0a da?
g9ag 904y g
o?(@,z | x) 002(O,z|z) O0U(O,z|x) O O,z| )
Oay0b, 040by 0ay0b, ob?
o?(@,z | x) O2(O,z|z) OUXO,z|x) 0U*O,z|x) O (O,z|z)
OagOuy 0B40v, dag0vy dbg0vy ov?
These gives updates to the parameter vector ég as
O[§5+1)
/Bés—}—l)
04t ~ 0% + H 0\ | 2,2)(x,2]|0) = [ o{t
b§s+1)
’Ués—i_l)

The updated parameter estimates are used to re estimate the latent variable z;, on the E step in
the next iteration. The algorithm will alternate between the E step and M step until it reaches

convergence.

A full BWG mixture has (G x p) parameters where G is the number of component densities and p
is the number of parameters in each component density. It is often advisable to explain data with
a simple model that has an optimal number of parameters. Too many parameters over fit the
data and lower explanatory predictive power. Using very few parameters will under fit the data
and lower predictive power. In finding the optimal number of parameters to be used in the model
some parameters are constrained. This will yield simple models that have a higher predictive

power .

3.2 Model Based Clustering with BWG Mixtures

Model based clustering has been identified in chapter 2 as a superior approach in clustering when
the underlying data is characterised by a mixture distribution. The parameters estimated from

the EM algorithm will be used to carry out a model based clustering technique.
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The posterior probability of an observation z; belonging to the g*” group in the BWG mixture will

follow from equation 2.11 , thus,

ZA'ig o 7%ngWG(l'i ‘ &g’ bga OA‘ga Bga @g) (3.17)

= — 2= “9 29090 %)
Y ohe1 TnfBwa(xi | an, by, &, Bh, On)

An observation will be assigned membership to a group in which it scores the highest Z;,.

3.3 Mixture Discriminant Analysis with BWG Mix-

tures

The labelled observations will be used for parameter estimation via the EM algorithm. The result-
ing estimates will be used to carry out a mixture discriminant analysis. The posterior probability

of an observation z; belonging to the ¢** group in the mixture will follow from equation 2.12 ,thus,

~ ) ~ Z‘) ~ 5 A~
Zig = gl Bwa(z; | g, by, dg, By, Oy) (3.18)

S wnfewa(xi | an, by, an, B, 0p)

An observation will be assigned membership to a group in which it scores the highest 2;,.

3.4 Mixture of the Beta Weibull log logistic Distribu-

tion

In this subsection the baseline distribution of the BWG is specified to be the log logistic distri-
bution, resulting in a Beta Weibull log logistic distribution (BWLLoG). Different density plots
for BWLLoG with varying parameter values are given. Subsequently, density plots of mixtures
of BWLLoG are given to depict heterogeneous reliability data with non monotone failure rate
functions. The EM algorithm for BWLLoG mixtures is developed together with the model based

clustering technique and mixture discriminant analysis rule suitable for BWLLoG mixtures.

Consider a mixture of the Beta Weibull G family of distributions when the baseline distribution
is chosen to be the log logistic distribution. The pdf, cdf and survival function of the log logistic

distribution are given by

m(z,c) = cx (1422 M(z,e)=1— (142" and M(z,¢) =1—-[1—(1+2°" = (1+2z2°"
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respectively, where c is the shape parameter such that ¢ > 0.

The pdf of the Beta Weibull log logistic is defined by;

_ c\—1\8-1
fewrroc(z;a,b,a, B,¢) = B?fcb) 2711 4 2%) 72 (1((1(iic:§)l)ﬁll exp {—abxcﬁ}

X [1 — exp {—amC’BH o , (3.19)

forz>0,a>0,b>0,aa>0,8>0,c>0.

The density plots for Beta Weibull log logistic with varying parameter values is given in figure

3.1.

< <
o f_BWLLoG(x: 0=3, B=2, a=1, b=2, ¢=3) o f BWLLoG(x: 0=4, B=1,a=1, b=1, c=1)
2 ey
g N - 2 -
0 0
T T
O o -
T T T T T T T T I T T T
0.0 0.2 04 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
X X
< A < 4
BWLLOG(x: 0=5, B=0.8, &=L, b3, c=1] f_ BWLLOG(x: G=1, B=0.5, a=t, b=3, c=1)
2" 2]
g N 2~
0 0
T T
O i O | N
T T T T T T T T T T T T
0.0 0.2 04 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
X X

Figure 3.1: Density plots of the Beta Weibull log logistic distribution with different pa-
rameter values

A mixture of the Beta Weibull log logistic distribution will have a probability density function
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given by

G
fMBWLLoG(-T§ Qagq, bgyagaﬁgv Cg) = Zﬂ'ngWLLoG(f; Qagq, bga O‘gyﬁg’ Cg)
g=1
(1= (1 4a%)" )bt
(1 _Hccg)—l)ﬂgﬂ

TgQgBgCq

9797979 pea= (1 4 %)
B(ag, by)

exp {—agngcgﬁg }
=1

—1
X [1 —exp {—agxcgﬂg H " .

The density plots of mixtures of the Beta Weibull log logistic distribution is given in figure 3.2.

= =
f_MBWLLOG(x: m3=0.5, s=3, 1=2, as=1, b1=2, €1 =3, mx=0.5, z=4, P=1, =1, b>=1, 2=1) f_MBWLLOG(x: m3=0.75, @s=3, 1=2, as=1, bs=2, €1 =3, 12=0.25, 0z=5, P2=0.8, =1, b>=3, 2=1)
o m
oo 2
2 N - 2 ~ -
3 Q
o ©
o A o A
T T T T T T T T T T T T T T
0.0 02 04 06 08 1.0 12 0.0 02 04 06 08 1.0 12
X X
- T
" f_MBWLLOG(x: m1=0.25, a1=4, B1=1, a1=1, by=1, ¢1 =1, 12=0.75, c2=1, B2=0.5, a2=4, =3, 2 =1) - £ MBWLLoG{x: TT:=0.75, 04=5, f51=0-8,al=1, bu=3, ¢t =1, T2=0.25, Qa1 Bz=0-5, a1, by=3, 2=1)
o o
2 o - [N
Q @
© o
o A o A
T T T T T T T T T T T T T T
0.0 02 04 06 08 1.0 12 0.0 02 04 06 08 1.0 12
X X

Figure 3.2: Density plots of mixtures of the Beta Weibull log logistic distribution with
different parameter values
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The corresponding complete log likelihood function of the BWLLoG mixture is defined by;

G

(6 | Z, z Z Z Zig loyﬂ-g + lngBWLLOG(xh Gg, bga Qgq, 5ga Cg)]
i=1 g=1
By ) o1yt L eayoa (1— (1 +af?) )%t
= 2ig( log < Y + log(cgzs? (14 ) 7%) + log ot
;; g( B(ag, by) ! ((1+;7)=1)Ptt
n G
- ongga:fgﬁg + (ag — 1)log [1 —exp {—ag:cfgﬂgH ) + Z Z ziglog(my). (3.20)

i=1 g=1

The partial derivatives of the complete log likelihood equation of the BWLLoG mixture are calcu-

lated in appendix 5.2 and given as

00L,(©, L 1 c coBa -1, ¢
(8agz ’ :L') _ ;;ZW <% _ ngigﬁg + (ag _ 1)[1 _ exp{—agmigﬁg }] 1xigﬁge$p{ vy gBQ} )7
(3.21)
00,2 7)
—x Z Z Zzg( + log(z}*) — agbgmfgﬁglog(xfg)
i=1 g=1
+ (ag — 1)agx gﬁqlog( )emp{ g(:cc”B(’)} [1—exp {—agﬂvfgﬁg}]_l), (3.22)
n G
M Z Z Zig (goo (ag + by) — @olag) + log [1 —exp {—ozgxfgﬁg}} ), (3.23)
i=1 g=1
900.(©, z | " &
# Z Zig (cpo ag +by) — po(bg) — agxc"ﬁq), (3.24)
=1 g=1
G

M i Z Zzg( [ (b agﬁg:pfg%log(:ni) — Bglog(z;))cy — 1} exp {agmfgﬁg}

i=1 g=1
+ ((=bg —ag + 1)agﬁgajfgﬂglog(xi) + Bglog(zi))ecq + 1)(cq [1 —exp {agmf"ﬂg }] )_1),

(3.25)

oteOs|a) ZZ (3.26)

11g1
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and

G

x n c Cgy\— — z59)~1)Be—1
M 22(109< 9ﬁ99)>+zog(cg (14 ) 2)+l09<(1((1(i}a§—)1)53+1 )

i=1 g=1

— agby xc"ﬂ" + (ag — 1)log {1 - exp{ ! xcgﬁg}] ) + Zn: ZG: log(my).

=1 g=1

(3.27)

The partial derivatives yield parameter estimates for the BWLLoG mixture via the EM algorithm

given in algorithm 1.

Notation for full models

The model BW LLoG should be interpreted as a full mixture model of BWLLoG distributions
with parameters «, 8, a , b and c. These parameters are unconstrained. Model Weibull should be
interpreted as a full mixture model of Weibull distributions with parameters o and 3. It should

be noted that the Weibull mixtures do not have parameters a , b and ¢ hence —, —, —.

Notation for constrained models

Model UCU should be interpreted as a model that is unconstrained for «, constrained for 3
(such that we have the value for § being calculated from group2 and fixed across all component

distributions) and unconstrained for c.

Model C;UC5 should be interpreted as a model that is constrained for « (such that we have the
value for « being calculated from groupl and fixed across all component distributions), uncon-
strained for § and constrained for ¢ (such that we have the value for ¢ being calculated from
group2 and fixed across all component distributions). The parameters « and b are fixed to a con-

stant value hence f. The afore notations will be used in chapter 4.

Model Based Clustering with BWLLoG Mixtures

The parameters estimated from the EM algorithm for BWLL0oG mixtures will be used to carry

out a model based clustering technique. The posterior probability of an observation z; belonging
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Algorithm 1 EM algorithm for BWLLoG mixtures
Input x = {z1, 29, ..., x,,}
Set k =1 and () =

Set

n G

g(s) = egc(ags)a bés)> 05_((]8)7 ﬁ£8)7 Cq | Z, Z Zig lOg’/T +longWLLoG(xzv a, )7 b
1

) 4o oo

9’ g g

=1 g=
Initialize o, b\, a!”, 85, ¢ and 7" via k means algorithm and Newton Raphson
algorithm.

Repeat

E step;

Lot fawise( | ag’ by of”, 8,7, )

S A w00 of) B )

1
(s+1) __ ~(s)
7Tgs o Z “ig s

M step; Update 7, as

Set

éﬁc( (s+1) bé8+1) a(8+1) 6(5—1—1) (s+1) | T Z) _

Z Z zzg logﬂ' (s+1) —|- lngBWLLoG(l’z, g5+1 b(3+1 ,Oé!(]SJrl),ﬁéerl), C{(}erl))]
=1 g=1

Re estimate the parameters a4, b, oy, 3,4, c, with current z ) and 77(8“ by Newton Raph-

son algorithm. This gives updated parameter estimates as a(SH b(SH ésﬂ), ﬁgsﬂ) G

1 Cg
Set
ol <a§s+1), b(s+1) §s+1)7 ﬁg(/SH)’ Céerl) | 2,2) =
Xn: EG: Z;) ZOQW D 4 Tog f sw Lroc(2i; g8+1 b(s+1 ’aés+1)7ﬁés+1)7 Cés—f—l))]
i=1 g=1

(g (s+1) E(S ) Where a(s) — M

Calculate f(({?_l) =0 4+ 1) —iG-D)

1—a(s)

Until (&™) — 1) < ¢

Set s=s5+1
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to the g group in the mixture will take calculated as

7ATngWLLoG’(xi | dg’ Bga é‘g, Bg’ ég) (3.28)

7:'ig: e .
Y oney TS BwirLoc(zi | n, by, G, B, C1)

An observation will be assigned membership to a group in which it scores the highest Z;,.

Mixture Discriminant Analysis with BWLLoG Mixtures

Similarly the parameters estimated by the EM algorithm for BWLLoG mixtures will be used to
carry out a mixture discriminant analysis technique. The posterior probability of an unlabelled

observation x; belonging to the ¢g'* group in the mixture will calculated as

éjg _ Gﬁgf;BWLLoG’(mj ‘ &gaf)g??égy?gyég) — (329)
Y ohe1 T f BWLLoG (%5 | Qny bp,y Gy Br, E1)

An unlabelled observation will be assigned membership to a group in which it scores the highest

ng.

3.5 Mixture of the Beta Weibull Exponential Distribu-

tion

In this subsection the baseline distribution of the BWG is specified to be exponential distribution,
resulting in a Beta Weibull exponential distribution (BWE). Different density plots for BWE with
varying parameter values are given. Subsequently, density plots of mixtures of BWE are given to
depict heterogeneous reliability data with non monotone failure rate functions. The EM algorithm
for BWE mixtures is developed together with the model based clustering technique and mixture

discriminant analysis rule suitable for BWE mixtures.

Consider a mixture of the Beta Weibull G family of distributions when the baseline distribution
is chosen to be exponential distribution. The as pdf, cdf and survival function of the exponential

distribution are given by
m(z,w) =we ™ M(z,w)=1—e“" and M(z,w) =1— (1 —e %) = “*

respectively, where w is the rate parameter such that w > 0.
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The pdf of the Beta Weibull Exponential is defined by

fBWE(x;aa lxa,ﬁ,v) =

afw (1 —e wr)B-1

B(a,b)

for,x >0,a>0,b>0,aa>0,8>0,w>0.

()7

exp {—ab(ew‘” _ 1)5} [1—exp {—a(e“’x _ 1),8}]0,—1

(3.30)

The density plots for Beta Weibull Exponential distribution with varying parameter values is

given in figure 3.3.

density

density

< < 4

o f_BWE[x: a=0.5, B=0.5, a=4, b=3, w=2) o f_BWE(x: a=2, =2, a=0.5, b=1, w=1)
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Figure 3.3: Density plots of the Beta Weibull Exponential distribution with different

parameter values

A mixture of the Beta Weibull Exponential distribution will have a pdf defined by
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G
fMBWE(xa a, b) a, 5a UJ) = Zﬂ-ngWE($; Gg, bga Qg, 597(“‘)9)

g:l
_ 7Tgagﬂgwg (1 —ewom)fo! _ wer _ 1\B
Z ag, c ng)ﬁg emp{ agbg(e g 1) g}
X [1—ex {— W _ 1)Pa {]as 1
Py —og(e 1)P9 ¢] . (3.31)

The density plots for mixtures of the Beta Weibull Exponential distribution is given in figure 3.4.

< o
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Figure 3.4: Density plots of mixtures of the Beta Weibull Exponential with different
parameter values
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The corresponding complete log likelihood function of the BWE mixture is defined by;

(G) | x, z Z Z Zig l097rg + lngBWE(:C’La Qg, bga Qg, ﬁgy wg)]

i=1 g=1
= ﬂ-gagﬂgwg ( —e_qui)ﬁg—l oo N
ZZ (1og | S ] g | C = |~ apatems <)
n G
+ (ag — Diog[l — exp{—ag(e*s™ — 1) H) +) 0 ziglog(my) (3.32)

i=1 g=1

The partial derivatives of the complete log likelihood equation of the BWE mixture are calculated
in appendix 5.3 and defined as

M Z Z Z2g< — by [eWo®i — 1]5q + (ag —1) [1 —exp {—ag [e¥9%i — 1}5’7” o
i=1 g=1
% [engi N 1]Bg exp {—Oég [ewgl’i _ 1]59} )’ (3.33)
90(O | , n & 1 o o e
(aﬂlm :;;Zig<ﬁg+l09[e 9% — 1] — agbg [e*9™ —1]% log [e*s™ — 1]
+ (ag = g 907 — 1%10g [es — 1] eap { ~a [ — 1% } [1 = eap { g [er —115}] 7)),
(3.34)
n G
W — Z Zzig <¢0(ag +by) — @olag) + log [1 — exp{—ay[e?" — 1]’69}} )7
g i=1 g=1
n G
w = Z Z Zig (Sﬁo(ag +bg) — wo(bg) — arg[e™ — 1]69)’
Obg i=1 g=1

n G
ol (O | x,z ) . _ ot
TIRE, 57 (P (B0 (3t s — By 67— ) e - )

i=1 g=1 (ewgzz - )
+ (ag —1)[1 —exp {—ag(ewf’xi - 1)59}] [eazp{ ag(e¥®i — 1)59}}
X g By (€0 — 1)y + g (0 — 1)]), (3.35)
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The partial derivatives will yield parameter estimates for the BWE mixture via the EM algorithm

in algorithm 2.

Model Based Clustering with BWE Mixtures

The parameters estimated from the EM algorithm for BWE mixtures will be used to carry out a
model based clustering technique. The posterior probability of an observation x; belonging to the

¢'" group in the mixture will be calculated as

éig — ﬁ-ngWE(xi ’ d97897?9739’({)9) ) (338)

S wnfewE (@i | an,ba, G, Bry )

An observation will be assigned membership to a group in which it scores the highest z;,.

Mixture Discriminant Analysis with BWE Mixtures

Similarly the parameter estimated via the hybrid EM algorithm for BWE mixtures will be used
to carry out a mixture discriminant analysis technique. The posterior probability of an labelled

observation z; belonging to the ¢'" group in the mixture will be calculated as

7%ngVVE(xj ’ &gv b97 &gv ﬁngg)

~ — . (3.39)
S wnfawe(x; | an,bn, dn, Bu,n)

Zjg =

An observation will be assigned membership to a group in which it scores the highest Z;,.
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Algorithm 2 EM algorithm for BWE mixtures
Input © = {z1, 29, ..., z,,}
Set k =1 and (©) =

Set

n G
() = 00,(al?, b, ol B Wi | 2,2) =N " zigllogrl+log f pwe(ai al), b5, ol B, wl))]

i=1 g=1

Initialize ag), by ,ag ) gs), Wy ) and Wés) via k means algorithm and Newton Raphson

algorithm.

Repeat
E step;
(S) _ ﬁéS)fBWE(ﬁi | ags)’ bf}s)7aés)7 és)7wés))
E S fewe (| a0 af, 8, w)Y)
M step;

Update 7, as

1
(s+1) _ — ~(5)
Ty T n Zzig )

Set

Mc(agsﬂ), bésH), a
n G

> 2 [lognl D + log f pwp(ws af D, B, ale ), gD (st D))
i=1 g=1

(s+1) p(s+1) , (s+1) _
g ) Bg ) wg | xz, z) -

Re estimate the parameters a,, by, o, 5,, w, with current z ) and 7r (**1) hy Newton Raph-

son algorithm. This gives updated parameter estimates as a(s+1), bgerl), OééSH), 5g8+1), wé‘gﬂ)

Set

zéc(aés—&-l)’ bgs—i-l)’aés—i-l)’5és+1)’wés+1) | QZ,Z) _

n G
ZZZZ(; log7r (s+1) 4 log f pwe(xs; gs+1 b(s+1 7a!(}s+1)7ﬁ£§s+l),wés+l)>]

i=1 g=1
Calculate (&) = () 4 L (¢(+1) — ¢(9)) where a(*) = £52=L0
Until (&™) — 1) < ¢

Set s =s5+1
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Chapter 4

Discussion of results

In this chapter six data sets are simulated to mimic reliability data with non monotone failure
rates functions. These data sets were used to mimic heterogeneous reliability data with two
classes. Additionally, one real life reliability data set is provided for analyses. Results for fitting
the full BWLLoG and BWE mixture models discussed in chapter 3 are provided. Corresponding
results for fitting constrained mixture models of the BWLLoG and BWE family of distributions
are also presented. The utility of the proposed model based clustering and mixture discriminant

analysis approaches is demonstrated.

Notations

U represents an unconstrained parameter.
C1 represents a parameter constrained to the density associated with the first component.
C5 represents a parameter constrained to the density associated with the second component.

f represents a parameter that is fixed to a constant value.

4,1 Mixture models for simulated BWLLoG distribu-
tions (A-B data)

The acceptance rejection method was used to simulate 100 data points from the BWLLoG
distribution with parameters a = 5,8 = 3,a = 2,b = 4,¢ = 2. Similarly another set of 100

data points from the BWLLoG distribution with parameters « = 2, 8 = 1,a = 3,b = 2,c = 1
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were simulated. These data points were assigned to group A and B respectively. A random
sample of n=50 was selected from each group, forming a heterogeneous population (A & B). A two
component mixture of the BWLLoG distribution was fitted to the heterogeneous population. The
mixing proportions for group A and group B were 0.5. The EM algorithm for BWLLoG mixtures
was used for parameter estimation. The data points from the random sample (A & B) were given
class labels using the model based clustering technique for BWLLoG mixtures. A two component
Weibull mixture model was also fitted to the data points and class labels were assigned using the

model based clustering technique for Weibull mixtures.

The heterogeneous population (A & B) was used to carry out mixture discriminant analysis. The
training to test ratios were chosen to be 70:30, 80:20 and 90:10 respectively. The data points in
the training sets were used to infer class labels of the data points in the test sets using mixture
discriminant analysis technique for the BWLLoG mixtures and mixture discriminant analysis

technique for Weibull mixtures.

Table 4.1 shows the BIC, ARI for model based clustering and ARI for mixture discriminant anal-
ysis for two component full mixture of Weibull and BWLLoG distribution where the data is from
a sample of heterogeneous simulated Beta Weibull log logistic distributions (A & B). The two
component full mixture of BWLLoG distributions has a higher BIC value as compared to the
two component mixture of Weibull distributions. This is an indication that the two component
full BWLLoG mixture fits the A & B data better than the Weibull mixture. The two component
full mixture of BWLLoG distributions has a higher value of the ARI for both MBC and MDA as
compared to the two component mixture of Weibull distributions. This indicates that the two com-
ponent full mixture of BWLLoG distributions performs better than the two component mixture of

Weibull distributions in model based classification of the A & B data.

Table 4.1: Two component full mixtures for BWLLoG (A & B)

MODEL |a | 8| a| b | c| BIC |ARI for | ARI for | ARI for | ARI for
MBC MDA MDA MDA
70:30 80:20 90:10
Weibull |U |U| - | - | - | 113.08 | 0.57 0.60 0.66 0.81
BWLLoG |U |U|U | U |U|118.01 | 0.86 0.58 0.84 1.00
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4.2 Constrained mixture models for simulated BWL-

LoG distributions (A-B data)

To curb the problem of identifiability, some constraints were set on parameters a and b such that
a = b = 2.5. The remaining parameters were constrained or unconstrained to come up with

possible parsimonious models.

Table 4.2 shows the best parsimonious models based on the BIC, ARI for model based clustering
and ARI for mixture discriminant analysis where the data is from the simulated Beta Weibull log
logistic distributions (A & B). The two component constrained mixtures of BWLLoG distributions
also have higher values of the BIC than the two component mixture of Weibull distributions.
These indicate that the two component constrained mixtures of BWLLoG distributions fit the A
& B data better than the two component mixture of Weibull distributions. The two component
constrained mixtures of BWLLoG distributions also perform better in model based classification
of the A & B data than the two component mixture of Weibull distributions. This is indicated by
high values of the ARI in both MBC and MDA using the two component constrained mixtures of

BWLLoG distributions as compared to using the two component mixture of Weibull distributions.

Table 4.2: Two component constrained mixtures for BWLLoG (A & B)

MODEL | « | 8 |a|b| ¢ | BIC | ARI for | ARI for | ARI for | ARI for
MBC MDA MDA MDA
70:30 80:20 90:10
uc,U | U | Cy | f|f] U |116.5|0.74 0.54 0.67 0.92
vuc, |U | U |f|f]|Cy|196.1)0.70 0.55 0.74 0.83
ciuCy |C1| U || f]Cy| 1985 | 0.60 0.58 0.71 0.86

4.3 Mixture models for simulated BWLLoG distribu-
tions (B-C data)

The acceptance rejection method was used to simulate 100 data points from the BWLLoG distri-
bution with parameters o = 2, 3 = 1,a = 3,b = 2,¢ = 1. Similarly another set of 100 data points
from the BWLLoG distribution with parameters a = 5, 8 = 3,a = 2,b = 4, ¢ = 2 were simulated.
These data points were assigned to group B and C respectively. A random sample of n=75 was se-

lected from each group, forming a heterogeneous population (B & C). A two component mixture of
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the BWLLoG distribution was fitted to the heterogeneous population. The mixing proportions for
group B and group C were 0.5. The EM algorithm for BWLLoG mixtures was used for parameter
estimation. The data points from the random sample (B & C) were given class labels using the
model based clustering technique for BWLLoG mixtures. These data points were also be fitted to
the Weibull mixtures and assigned class labels with model based clustering technique for Weibull

mixtures.

The heterogeneous population (B & C) was used to carry out mixture discriminant analysis. The
training to test ratios were chosen to be 70:30, 80:20 and 90:10 respectively. The data points in
the training sets were used to infer class labels of the data points in the test sets using mixture
discriminant analysis technique for the BWLLoG mixtures and mixture discriminant analysis

technique for Weibull mixtures.

Table 4.3 shows the BIC, ARI for model based clustering and ARI for mixture discriminant analy-
sis for two component full mixtures of Weibull and BWLLoG distributions where the data is from
a sample of heterogeneous simulated Beta Weibull log logistic distributions (B & C). The two
component full mixture of BWLLoG distributions has a higher BIC value as compared to the two
component mixture of Weibull distributions. This is an indication that the BWLLoG mixture fits
the B & C data better than the two component Weibull mixture. The two component full mixture
of BWLLoG distributions has a higher value of the ARI for both MBC and MDA as compared to
the two component full mixture of Weibull distributions. This indicates that the two component
full mixture of BWLLoG distributions performs better than the two component mixture of Weibull

distributions in model based classification of the B & C data.

Table 4.3: Two component full mixtures for BWLLoG (B & C)

MODEL |a | 8| a| b | c| BIC |ARI for | ARI for | ARI for | ARI for
MBC MDA MDA MDA
70:30 80:20 90:10
Weibull |U |U| - | - | - | 156.16 | 0.65 0.72 0.74 0.82
BWLLoG |U |U|U | U |U| 133.04 | 0.78 0.66 0.85 0.86
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Table 4.4: Two component constrained mixtures for BWLLoG (B & C)

MODEL | o« | f |a|b| ¢ | BIC | ARI for | ARI for | ARI for | ARI for
MBC MDA MDA MDA
70:30 80:20 90:10
uc,U |U | Cy| £ f] U | 110.7 | 0.72 0.66 0.78 0.92
vuc, U | U |f|f]|Cy]160.7 ) 0.68 0.60 0.79 0.82
c,uc, |y | U | f|f]Cy]160.3|0.70 0.62 0.76 0.89

4.4 Constrained mixture models for simulated BWL-

LoG distributions (B-C data)

To curb the problem of identifiability we set constraints to the parameters a and b such that
a = b = 2.5. The remaining parameters were constrained or unconstrained to come up with

possible parsimonious mixture models.

Table 4.4 shows the best parsimonious models based on the BIC, ARI for model based clustering
and ARI for mixture discriminant analysis where the data is from the simulated Beta Weibull log
logistic distributions (B & C). The two component constrained mixtures of BWLLoG distributions
also have higher values of the BIC than the two component mixture of Weibull distributions. This
indicates that the two component constrained mixtures of BWLLoG distributions fit the B & C
data better than the two component mixture of the Weibull distributions. The two component
constrained mixtures of BWLLoG distributions also perform better in model based classification
of the B & C data than the two component mixture of Weibull distributions. This is indicated by
high values of the ARI for both MBC and MDA using the two component constrained mixtures of

BWLLoG distributions as compared to using the two component mixture of Weibull distributions.

4.5 Mixture models for BWLL0oG distributions (Yarn
data)

The data set used in this analysis is from Shanker, Fasshaye and Selvaraj (2015). It is a reliability
data set corresponding to time to failure of polyester yarn in a textile experiment for testing the
tensile fatigue characteristics of yarn. It has 100 observations of yarns exposed to 2.5 % strain
level. The k-means algorithm was used to split the yarn data set into two sub-populations being

sub-population 1 and sub-population 2.
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A two component mixture of BWLLoG distribution was fitted. Parameter estimation was carried
out by the EM algorithm for BWLLoG mixtures and the observations in the random sample were
assigned class labels using the model based clustering technique for BWLLoG mixtures. These
data points were also fitted to Weibull mixtures and assigned class labels with model based clus-

tering technique for Weibull mixtures.

The yarn data composing of sub-population 1 and sub-population 2 was used to carry out mixture
discriminant analysis. The training to test ratios ere chosen to be 70:30, 80:20 and 90:10 respec-
tively. The data points in the training sets were used to infer class labels of the data points in the
test sets using mixture discriminant analysis technique for the BWLLoG mixtures and mixture

discriminant analysis technique for Weibull mixtures.

Table 4.5 shows the BIC, ARI for model based clustering and ARI for mixture discriminant anal-
ysis for two component full mixture of Weibull and BWLLoG distributions where the yarn data
used is from Shanker, Fasshaye and Selvaraj (2015). The two component full mixture of BWL-
LoG distributions has a higher BIC value as compared to the two component mixture of Weibull
distributions. This is an indication that the BWLLoG mixture fits the yarn data better than the
Weibull mixture. The two component full mixture of BWLLoG distributions has a higher value of
the ARI for both MBC and MDA as compared to the two component full mixture of Weibull distri-
butions. This indicates that the two component full mixture of BWLLoG distributions performs
better than the two component mixture of Weibull distributions in model based classification of

the yarn data.
Table 4.5: Two component full mixtures for BWLLoG (Yarn data)

MODEL |a | S |a | b | c BIC ARI for | ARI for | ARI for | ARI for
MBC MDA MDA MDA
70:30 80:20 90:10
Weibull |U | U| - | - | - | 1053.09 | 0.57 0.64 0.68 0.73
BWLLoG |U |U|U | U |U| 1077.94 | 0.87 0.57 0.60 0.79

4.6 Constrained mixture models for BWLLoG distri-

butions (Yarn data)

To curb the problem of identifiability constraints were set on parameters a and b such that a =
b = 2.5. The remaining parameters were constrained or unconstrained to come up with possible

parsimonious models.
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Table 4.6 shows the best parsimonious models based on the BIC, ARI for model based clustering
and ARI for mixture discriminant analysis where the yarn data used is from Shanker, Fasshaye
and Selvaraj (2015). The two component constrained mixtures of BWLLoG distributions also
have higher values of the BIC than the two component mixture of Weibull distributions. This
indicates that the two component constrained mixtures of BWLLoG distributions fit the yarn data
better than the two component mixture of Weibull distributions. The two component constrained
mixtures of BWLLoG distributions also perform better in model based classification of the yarn
data than the two component mixture of the Weibull distributions. This is indicated by high
values of the ARI for both MBC and MDA using the two component constrained mixtures of

BWLLoG distributions as compared to using the two component mixture of Weibull distributions.

Table 4.6: Two component constrained mixtures for BWLLoG (Yarn data)

MODEL | o | B |a|b]| ¢ BIC | ARI for | ARI for | ARI for | ARI for
MBC MDA MDA MDA
70:30 80:20 90:10
vc,o, (U cy|f|f|Cy|1448.3 | 0.76 0.55 0.60 0.76
c,vc, |Cp| U | f|f]C;|1409.2 | 0.60 0.58 0.64 0.79
C,CU |Gy | Cp | £ ] U | 22205 0.70 0.53 0.77 0.81

4.7 Mixture models for simulated BWE distributions

(A-B data)

The acceptance rejection method was used to simulate 100 data points from the BWE distribution
with parameters a« = 1,5 = 2,a = 1,b = 2,w = 2. Similarly another set of 100 data points from
the BWE distribution with parameters o = 3, 8 = 1,a = 2,0 = 1,w = 1 were simulated. These
data points were assigned to group A and B respectively. A random sample of n=50 was selected
from each group, forming a heterogeneous population (A & B). A two component mixture of the
BWE distribution was fitted to the heterogeneous population. The mixing proportions for group A
and group B were 0.5. The EM algorithm for BWE mixtures was used for parameter estimation.
The data points from the random sample (A & B) were given class labels using the model based
clustering technique for BWE mixtures. These data points were also fitted to Weibull mixtures

and assigned class labels with model based clustering technique for Weibull mixtures.

The heterogeneous population (A & B) was used to carry out mixture discriminant analysis. The

training to test ratios were chosen to be 70:30, 80:20 and 90:10 respectively. The data points in
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the training sets were used to infer class labels of the data points in the test sets using mixture
discriminant analysis technique for the BWE mixtures and mixture discriminant analysis

technique for Weibull mixtures.

Table 4.7 shows the BIC, ARI for model based clustering and ARI for mixture discriminant anal-
ysis for two component full mixtures of Weibull and BWE distributions where the data is from
a sample of heterogeneous simulated Beta Weibull Exponential distributions (A & B). The two
component full mixture of BWE distributions has a higher BIC value as compared to the two
component mixture of Weibull distributions. This is an indication that the BWE mixture fits the
A & B data better than the Weibull mixture. The two component full mixture of BWE distri-
butions has a higher value of ARI for both MBC and MDA as compared to the two component
mixture of Weibull distributions. This indicates that the two component mixture of BWE distri-
butions performs better than the two component mixture of Weibull distributions in model based
classification of the A & B data.
Table 4.7: Two component full mixtures for BWE (A & B)

MODEL | o« | 8| a | b |w | BIC | ARI for | ARI for | ARI for | ARI for
MBC MDA MDA MDA
70:30 80:20 90:10
Weibull | U|U | - | - | - | 30.36 | 0.55 0.60 0.71 0.82
BWE |(U|U|U|U|U]|39.38|0.64 0.53 0.73 0.91

4.8 Constrained mixture models for simulated BWE

distributions (A-B data)

To curb the problem of identifiability constraints were set on parameters a and bsuch that a =
b = 2.5. The remaining parameters were constrained or unconstrained to come up with possible

parsimonious models.

Table 4.8 shows the best parsimonious models based on the BIC, ARI for model based clustering
and ARI for mixture discriminant analysis where the data is from a sample of heterogeneous
simulated Beta Weibull Exponential distributions (A & B). The two component constrained mix-
tures of BWE distributions also have higher values of the BIC than the two component mixture of
Weibull distributions. This indicates that the two component constrained mixtures of BWE dis-

tributions fit the A & B data better than the two component mixture of Weibull distributions. The
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two component constrained mixtures of BWE distributions also perform better in model based
classification of the A & B data than the two component mixture of Weibull distributions. This is
indicated by high values of the ARI for both MBC and MDA using the two component constrained

mixtures of BWE distributions as compared to using the two component mixture of Weibull dis-

tributions.
Table 4.8: Two component constrained mixtures for BWE (A & B)
MODEL | o« | 8 |a|b| w | BIC | ARI for | ARI for | ARl for | ARI for
MBC MDA MDA MDA
70:30 80:20 90:10
vuc, |U|U|f|f|C,|30.5]|0.73 0.54 0.86 0.85
c,vc, (¢, |U|f|f]C;|41.9)0.60 0.59 0.83 0.95

4.9 Mixture models for simulated BWE distributions
(B-C data)

The acceptance rejection method was used to simulate 100 data points from the BWE distribution
with parameters « = 3, 8 = 1,a = 2,b = 1,w = 1. Similarly another set of 100 data points from
the BWE distribution with parameters o« = 3, 8 = 1,a = 2,b = 1,w = 1 were simulated. These
data points were assigned to group B and C respectively. A random sample of n=75 was selected
from each group, forming a heterogeneous population (B & C). A two component mixture of the
BWE distributions was fitted to the heterogeneous population. The mixing proportions for group
A and group B were 0.5. The EM algorithm for BWE mixtures was used for parameter estimation.
The data points from the random sample (B & C) were given class labels using the model based
clustering technique for BWE mixtures. These data points were also fitted to Weibull mixtures

and assigned class labels with model based clustering technique for Weibull mixtures.

The heterogeneous population (B & C) was used to carry out mixture discriminant analysis. The
training to test ratios were chosen to be 70:30, 80:20 and 90:10 respectively. The data points in
the training sets were used to infer class labels of the data points in the test sets using mixture
discriminant analysis technique for the BWLLoG mixtures and mixture discriminant analysis

technique for Weibull mixtures.

Table 4.9 shows the BIC, ARI for model based clustering and ARI for mixture discriminant anal-

ysis for two component full mixtures of Weibull and BWE distributions where the data is from
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a sample of heterogeneous simulated Beta Weibull Exponential distributions (B & C). The two
component full mixture of BWE distributions has a higher BIC value as compared to the two
component mixture of Weibull distributions. This is an indication that the two component full
BWE mixture fits the B & C data better than the Weibull mixture. The two component full mix-
ture of BWE distributions has a higher ARI for both MBC and MDA as compared to the two
component mixture of Weibull distributions. This indicates that the two component full mixture
of BWE distributions performs better than the two component mixture of Weibull distributions in

model based classification of the B & C data.

Table 4.9: Two component full mixtures for BWE (B & C)

MODEL | o | 8| a | b |w | BIC | ART for | ARI for | ARI for | ARI for
MBC MDA MDA MDA
70:30 80:20 90:10
Weibull (U | U | - | - | - | 11.9 | 0.57 0.72 0.68 0.85
BWE  U|U|U|U | U|14.15|0.78 0.56 0.79 0.91

4,10 Constrained mixture models for simulated BWE

distributions (B-C data)

To curb the problem of identifiability some constraints were set on parameters a and b such that
a = b = 2.5. The remaining parameters where constrained or unconstrained to come up with

possible parsimonious models.

Table 4.10 shows the best parsimonious models based on the BIC, ARI for model based clustering
and ARI for mixture discriminant analysis were the data is from a sample of heterogeneous simu-
lated Beta Weibull Exponential distributions (B & C). The two component constrained mixtures of
BWE distributions also have higher values of the BIC than the two component mixture of Weibull
distributions. This indicates that the two component constrained mixtures of BWE distributions
fit the B & C data better than the two component mixture of the Weibull distributions. The two
component constrained mixtures of BWE distributions also perform better in model based clas-
sification of the B & C data than the two component mixture of Weibull distributions. This is
indicated by high values of the ARI for both MBC and MDA using the two component constrained
mixtures of BWE distributions as compared to using the two component mixture of Weibull dis-

tributions.
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Table 4.10: Two component constrained mixtures for BWE (B & C)

MODEL

a | B lalb| w | BIC | ARl for | ARI for | ARI for | ARI for
MBC MDA MDA MDA
70:30 80:20 90:10
CoCU |Gy | Cr | £ ] U 2997 ] 0.64 0.57 0.78 0.93
uc,C, U [ Cy| £ f|Cy|21.46 | 0.97 0.58 0.83 0.91
G UC, |Cy | U | f|f]C;|28.330.64 0.61 0.78 0.87
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Chapter 5

Conclusion

This chapter highlights the conclusions reached from this work. It further makes suggestions for

future work.

In this thesis, mixtures of the Beta Weibull G family of distributions were introduced. These
mixtures were motivated by scarce literature on mixtures of reliability data. They fill the gap
particularly when the underlying reliability data has hazard rates that are non monotone. A
detailed account on how parameter estimation was carried out by EM algorithm was given. Model
based clustering and mixture discriminant analysis within the framework of mixtures of the Beta

Weibull G Family of Distributions was discussed in detail.

In chapter 3, some special cases of mixtures of the BWG family of distributions being the mix-
tures of Beta Weibull log logistic distribution and mixtures of Beta Weibull Exponential distribu-
tion were developed. For each special case, an EM algorithm that could be used for parameter
estimation was developed. A detailed explanation on how model based clustering and mixture

discriminant analysis would be carried out in these special cases was also given.

In chapter 4, different data sets were simulated to mimic different populations from the BWG
family of distributions. A contrast between BWG mixtures, constrained BWG mixtures and

Weibull mixtures was made based on the BIC and the ARI.

The findings of this thesis demonstrate that mixtures of the BWG family of distributions fit het-
erogeneous population with non monotone hazard rates better than mixtures of the Weibull dis-
tributions as evidenced by higher values of BIC for BWG mixtures. The BWG mixtures performed
better than Weibull mixtures in both model based clustering and mixture discriminant analysis

as evidenced by high values of the ARI.
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More work can be done in comparing mixtures of generalisations of Weibull distributions to mix-
tures of the Weibull distributions. These could include mixtures of Weibull G family of distri-
butions and mixtures of generalised modified Weibull distributions which model reliability data
with fewer parameters than the BWG family of distributions. Other maximisation algorithms
such as the Broyden-Fletcher-Goldfard-Shanno (BFGS) algorithm or it’s variations could be con-
sidered for carrying out the M-step in the EM algorithms. The BFGS is known to be more robust
than Newton Raphson algorithm, so it might give better results. It could also be interesting to

develop a multivariate BWG distribution and explore its utility in model based techniques.
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Appendix

5.1 The partial derivatives of the complete log likeli-

hood function of BWG mixture
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5.2 The partial derivatives of the complete log likeli-
hood of the BWLLoG mixture

We have that

m(zi, cq) = cgas;:g_l(l +2) 2 M(zi,c9) =1 — (1 +a3°) (5.7

and M(xi,cg) =1-[1-(1+4+ x,fg)’l] =(1+ :cfg)*l.

Then
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The partial derivatives of the complete log likeli-

hood of the BWE mixture
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5.4 Identifiability of mixture models

Chandra (1977) proposed the following theorems to prove weak condition for identifiability of

mixture models.

5.4.1 Theorem

Let there be a transform ®, associated with each F;, € ® having the domain of definition D¢, , and
suppose that the mapping M : F, — ®, is linear. Suppose also that there exists a total ordering (<)
in @ such that

i. Fi < F,,(F1,F2 € ®) implies Dy, C Dg,

ii. For each F} € @, there exists some ¢, in the closure of 71 =t : ®1(¢) # 0 such that

lim a(t)

t—t1 O1(t
et 1)

=0

for each I} < F5,(F1,F2 € ®). Then the class A of all finite mixing distributions is identifiable

relative to ®.

5.4.2 Theorem

Let F be a family of distributions. Let M be a linear mapping which transforms any F € F into a
real function ®5 with domain D(F) C R?. Let Do(F) = {s € D(F) : ®p(s) # 0}. Suppose that there
exists a total order < on F, such that for any F' € F there exists s(F') € Dy(F')’ verifying:

a)If 1, Fy, ..., Fy, € Fwith Fi < F, for 2 < g <m, then

m

s(F1) € [Do(Fy) N ([ D(Fy))]"
g=2
b) If F1 < Fy, then lim,_, ) Z 28 = 0. Then the class M of all finite mixture distribution of F' is
1

identifiable.
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