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Abstract

Pouyan Hosseinizadeh

Predicting System Collapse:
Applications of Kernel-based Machine Learning
and

Inclination Analysis

MASc, Mechanical and Industrial Engineering Department,
Ryerson University, Toronto, 2009

While many modelling methods have been developed and introduced to predict
the actual state of a system at the next point of time, the purpose of this research is to
present and discuss two approaches NOT to predict the exact future states, but to identify
the potential for final collapse of a system. The first approach is based on kernel methods,
a sub category of supervised learning, and attempts to provide a visualization method to
classify the active and dead companies and predict the potential collapse of a system. The
second method aims to analyze the inclination of a system by looking at the local changes
that have been observed over a certain period of time in the past. Applications of these
modelling approaches to predict collapse in different companies belonging to two
industrial sectors by looking at behaviour of their closing stock prices are discussed in

this research. Advantages and limitations of each approach are also discussed.
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Chapter 1

Introduction

1.1 What is a Complex System?

A system with numerous components and interconnections, interactions or
interdependencies that are difficult to describe, understand, predict, manage, design,
and/or change is called a complex system [1]. This definition applies to systems from a
wide array of scientific disciplines. For example, ecosystems or economic systems, such
as closing stock markets, can be pointed out as complex systems. Simulation and analysis
of complex systems, as well as development of applications to understand and control
such systems have always been a challenge.

" There are three interrelated approaches to the modern study of complex systems:
e How interactions give rise to patterns of behaviour
e Understanding the ways of describing complex systems
e The process of formation of complex systems through pattern formation

and evolution.
\\\7 /// \‘

The main properties of complex systems are [2]:
e A complex system is fundamentally non-deterministic. It is impossible to
anticipate precisely the behaviour of such systems even if the function of

its constituents is completely known.
1



e A complex system has a dynamic structure. It is, therefore, difficult, if not
impossible, to study its properties by decomposing it into functionally
stable parts. Its permanent interaction with its environment and its
properties of self-organization allow it to functionally restructure itself.

o The relationships that exist within the elements of a complex system are
short-ranged and non-linear, and contain fec)dﬁgck loops (both positive and
negative). -

e A complex system comprises emergent properties that are not directly
accessible (identifiable or anticipatory) from an understanding of its

components.

1.2 Modelling Complex Systems

Making precise predictions about the future behaviour of complex systems, such
as environmental systems, countries’ economies or even big enterprises, has always been
a challenge. As stated, these systems contain a large number of components interacting
. with each other and with other systems; thus, there are many factors that can affect them
either directly or indirectly and alter their future behaviour. Some of these factors can be
understood and the rest remain unknown. Unknown characteristics are those which make
such systems very uncertain in such a way that their future states cannot be addressed ’
easily. |

To analyze the behaviour of a system in future, one needs to have knowledge
about its past and current states, which usually can be obtained through the collection of
data. These data can be considered as outputs of the system, which reflect its behaviour.
As systems change over time, the data should be collected at various points of time to be
representative of the condition of a system at that specific point. This type of data is
called time series; dealing with time series data is inevitable in analyzing the systems’
behaviour over time. Depending on the number and power of the factors that affect

systems, variations of these time series and the levels of their uncertainty are different.

2



1.3 Traditional Modelling Techniques and Their

Limitations

Traditionally, various forms of statistical models are used to deal with time series
[3]. However, classical econometrics has a large literature for the time series forecast
problem. The basic idea is as follows:

As a simplification, one may assume the time series follow a linear pattern. A
linear regression predicting the target values from time to time, y, =a+ b X y,_; +
noise, is found, where a and b are regression weights. The weights are then determined,
given some form of noise. This method is rather crude but may work for deterministic
linear trends. For nonlinear trends, one needs to use a nonlinear regression such as
Ye =a X y.—1 + b X y2 .. However, sometimes this nonlinear formulation is very hard
to find. The econometrics method usually proposes a statistical model based on a set of
parameters. The process of the estimation of these parameters brings in a human analyst
bias. Another inherent problem of the statistical methods is that sometimes there are price
~movements that cannot be modelled with one single probability density function.

In [4], an experiment is conducted on crude oil data. The example shows there are
four distributions that determine the difference between the logarithm of tomorrow's price
and the logarithm of today's price rather than just one function. These four probability
distributions must ' work together with each of them providing a contribution at different
time points. Moreover, there are times when the best approximating function cannot be
found. This can be caused by the rapid change in the data patterns. For different time
windows, there are different patterns that cannot be described with one stationary model.

On the other hand, uncertainty is one of the most important issues that a modeller
needs to deal with while working with time series. As the uncertainty of the data
increases, the data patterns change anq‘ consequently the ability of classical modelling
tools in predicting the future states of ~these systems highly decreases. Modelling
approaches such as space states modelling or regression analysis methods cannot have a
good performance in modelling and making prediction about such systems because,
having a good understanding of the factors that affect the system is necessary in order to

design the model in such a way that by having inputs, appropriate outputs can be obtained
3



from the model. However, many of the factors are unknown a‘; the time of data collection,
and the system is still changing while it is being modelled. Therefore, there needs to be
another approach to deal with the high level of uncertainty in the data. This approach
must either be able to extract almost all the factors affecting the system, and recognise the

interactions inside it or basically be free from all these factors and interactions.

1.4 Concept of Time Series

A time series {Y;} is a discrete time, continuous state process where t (t =
1, ..., T) are certain discrete time points. Usually time is taken at equally spaced intervals,
and the time increment may be anything from seconds to years.

Direct statistical analysis of financial prices is difficult, because consecutive
prices are highly correlated, and the variances of prices often change with time. This
makes it usually more convenient to analyze changes in prices. Results for changes can
easily be used to give appropriate results for prices.

In practice, financial models are influenced by time, both by time resolution and
time horizon. The concept of resolution signifies how densely data are recorded. In
applications in the finance industry, this might vary from seconds to years. For intra-
daily, daily or weekly data, failure to account for the heavy-tailed characteristics of the
financial time series will undoubtedly lead to an underestimation of portfolio Value-at-
Risk (VaR). Hence, market risk analysis should consider heavy-tailed distributions of
market returns.

Financial prices are determined by many political, corporate, and individual
decisions. A model for prices is a detailed description of how successive prices are
determined. A good model is capable of providing simulated prices that behave like real
prices. Thus, it should describe the most important of the known properties of recorded
pricesl In this thesis a modelling approach based on statistical learning theory and kernel
methods will be discussed that attempts to predict either collapse or survival of a

company. Another modelling strategy called Inclination Analysis based on stochastic -



processes will also be discussed that aims to make prediction about a potential collapse of

a company.

1.5 Financial Time Series

Financial time series are a sequence of prices of some financial assets over a
specific period of time. Daily news reports in newspapers, on television and radio inform
people, for instance, of the latest closing stock market index values, currency exchange
rates, and interest rates. It is often desirable to monitor price behaviour frequently and try
to understand the probable development of the prices in the future. Private and corporate
investors, business people, anyone involved in international trade and the brokers and
analysts who advise these people can all benefit from a deeper understanding of price
behaviour. Many traders deal with the risks associated with changes in prices.

There are two main objectives of investigating financial time series. First, it is

-important to understand how prices behave. The variance of the time series is particularly
relevant. Tomorrow’s price is uncertain and it must, therefore, be described by a
probability distribution. This means that statistical methods are the natural way to
investigate prices. Usually one builds a model, which is a detailed description of how
successive prices are determined. The second objective is to use knowledge of price

behaviour to make better decisions.

1.6 Applications of Financial Time Series Analysis

Analysis of financial time series is usually done for the following main

!
Lr

applications:

e Prediction:



A financial time series model is a useful tool to generate forecasts for both
the future value and the volatility of the time series. Moreover, it is important to

have knowledge of the uncertainty of such forecasts.

e Risk management:

Financial risks often relate to negative developments in financial markets.
Movements in financial variables such as ;i/hterest rates and exchange rates create
risks for most corporations.

Generally, financial risks are classified into the broad categories of market risks,

credit risks, liquidity risks, and operational risks.

1.7 Objective and Organization of Thesis

The purpose of this thesis is to discuss two approaches for dealing with complex
systems modelling. The goal, however, is not, for instance, to predict the next day closing
stock price for a company. In contrast, the aim is to make a prediction about a potential
for collapse /survival of an enterprise in the long run by having access to its closing stock
prices over certain periods of time. In the first method, applications of statistical leamil}g
theory and kernel-based methods are used to predict the final fate i.e. survival or collapse,
of a given company that belongs to a specific sector. The second method is called
Inclination Analysis. This method enables an attempt to predict either collapse or survival
of a given company using stochastic processes methods. Applications of these approaches
as well as their advantages and limitations are discussed. The organization of this thesis is
as follows:

Chapter 2 introduces the Machine Learning methodology, its goals, advantages
and limitations along with learning models and important definitions. In Chapter 3,
detailed aspects of the kernel-based methods and the so-called Fisher kernel as the tool
that is used in this research for classification are studied. Application of Fisher kernel for
visual inspection and data collection procedure are studied. Prediction results along with

stress-test analysis are also discussed in this chapter. Another modelling approach called
6



Inclination Analysis that is used to predict the potential collapse for a system is discussed
in Chapter 4. Designing of the model parameters, including data conversion procedure
and observation windows extraction and finally results are included. In conclusion,
discussion and directions for future studies that indicate possible improvements of the
modelling approaches and a comparison between the two approaches are considered in

Chapter 5.



A

Chapter 2

Machine Learning and its Disadvantages

2.1 What is Machine Learning?

Machine learning is the ability of a machine to improve its performance based on
previous results over time. It makes use of some computer algorithms that help the
machine to learn. One might, for instance, be interested in learning to make accurate
predictions. The learning that is being done is always based on some sort of observations
or data, such as examples, direct experience, or instruction. The emphasis on “machine”
means that the leaning is an automatic process. In other words, the goal is to devise
learning algorithms that do the learning automatically without human intervention or
assistance. Although computers are applied to a wide range of tasks, and for most of them
it is relatively easy for programmers to design and implement the necessary software,
there are, however, many tasks for which this is difficult or impossible. These can be

divided into four general categories:

e Problems for which there exist no human experts

. o Problems where human experts exist, but where they are unable to explain

their expertise
e Problems where phenomena are changing rapidly (e.g. closing stock price)

e Applications that need to be customised for each computer user separately

8



One often has a specific task in mind, such as prediction of bankruptcy of a firm
in following years. However, rather than program the computer to solve the task directly,
in machine learning, methods by which the computer will come up with its own program,
based on provided examples are sought.

Machine learning is a core sub-area of Artificial Intelligence. 1t is very unlikely
that we will be able to build any kind of intelligent system capable of any of the facilities
that we associate with intelligence, such as language or vision, without using learning to
get there. These tasks are otherwise simply too difficult to solve. Furthermore, we would
not consider a system to be truly intelligent if it were incapable of learning since learning
is at the core of intelligence. Machine learning also intersects broadly with other fields,

especially statistics and mathematics.

2.2 Examples of Machine Learning Problems

There are many examples of machine learning problems. Much attention in this
thesis will focus on classification tasks in which the goal is to categorise objects into a
fixed set of categories.
Following are some examples of machine learning:
e optical character recognition [5]: categorizing images of handwritten characters
by the letters represented
» face detection [6]: finding faces in images (or indicating if a face is present)
» spam filtering [7]: identifying email messages as spam or non-spam
e topic spotting: categorizing news artig'IES as to whether they are about politics,
sports, entertainment, etc. -
e spoken language understanding [8]: within the context of a limited domain,
determining the meaning of something uttered by a speaker to the extent that it

can be classified into one of a fixed set of categories



e medical diagnosis [9]: diagnosing a patient as a sufferer or non-sufferer of some
disease

* customer segmentation: predicting, for instance, which customers will respond to
a particular promotion

¢ fraud detection [10]: identifying credit card transactions (for instance) which may
be fraudulent in nature

e weather prediction: préﬁigting, for instance, whether or not it will rain tomorrow

Although much discussion will be about classification problems, there are other
important learning problems. In classification, objects are categorised into fixed
categories. Regression, on the other hand, tries to predict a real value. For instance, one
may wish to predict how much it will rain tomorrow; or, one might want to predict how
much a house will sell for.

A richer learning scenario is one in which the goal is actually to behave
intelligently, or to make intelligent decisions. For instance, a robot needs to learn td
navigate through its environment without colliding with anything. To ruse machine
learning to make money on the stock market, one might treat inveétment as a
classification problem (will the stock go up or down) or a regression problem (how much
will the stock go up), or, dispensing with these intermediate goals, one might want the

computer to learn directly how to decide to make investments so as to maximise wealth.

2.3 Goals of Machine Learning Research

The primary goal of machine learning research is to develop general purpose
algorithms of practical value. Such algorithms should be efficient. Learning algorithms
should also be as general purpose as possible and easily applicable to a broad class of
learr;ing problems. Of course, the result of learning should be a prediction rule that is as

accurate as possible in the predictions that it makes.
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Occasionally, one may also be interested in the interpretability of the prediction
rules produced by learning. In other words, the computer should find prediction rules that
are easily understandable by human experts.

As mentioned above, machine learning can be thought of as programming by
example. In brief, the main goal of machine learning research is to generalise and

automate the prediction algorithm.

2.4 The Advantage of Machine Learning over Direct

Programming

First, the results of using machine learning are often more accurate than what can
be created through direct programming [11]. The reason is that machine learning
algorithms are data driven, and are able to examine large amounts of data. On the other
hand, a human expert is likely to be guided by imprecise impressions or perhaps an
examination of only a relatively small number of examples.

Also, humans often have trouble expressing what they know, but have no
difficulty labelling items. For instance, it is easy to label images of letters by the character
represented, but one would have a great deal of trouble explaining in precise terms how
to do it. Another reason to study machine learning is the hope that it will provide insights

into the general phenomenon of learning. Some of the questions that might be answered

include:

e What are the intrinsic properties of a given learning problem that make it hard

or easy to solve?

e How much do you need to know ahead of time about what is being learned in
order to be able to learn it effectively?

e  Why are “simpler" hypotheses better?

11



2.5 Learning Models

To study machine learning mathematically, it is necessary to formally define the
learning problem. This precise definition is called a learning model. A learning model
should be rich enough to capture important aspects of real learning problems, but simple
enough to study the problem mathematically. As with any mathematical model,
simplifying assumptions are unavoidable.

A learning model should answer several questions:

e What is being learned?

e How are the data being generated? In other words, where do they come from?

e How are the data presented to the learner? For instance, does the learner see
the entire data at once or only one example at a time?

e What is the goal of learning in this model?

In a learning problem the examples are the objects that are being classified. For
instance, in spam filtering, the email messages are the examples. Usually, an example is
described by a set of attributes, also known as features or variables. For instance, in
medical diagnosis, a patient might be described by attributes such as gender, age, weight,
blood pressure, body temperature, etc.

The label is the category that needs to be predicted. For instance, in spam
filtering, the possible labels are “spam” and “not spam.” During training, the learning
algorithm is supplied with labelled examples, while during testing, only unlabeled
examples are provided.

In some cases, it will be assumed that only two labels are possible, 0 and 1. The
simplifying assumption that there is a mapping from examples to labels will also be
made. This mapping is called a concept. Thus, a concept is a function of the form
f: X — {01} where X is the space of all possible examples called the domain or
instance space (training space). A collection of concepts is called a concept class. It will
often be assumed that the examples have been labelled by an unknown concept from a

known concept class.
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2.6 Types of Learning

Based on the types of problem a machine learning method can solve, it can be

placed under one of the following three major groups:

e Supervised learning
e Un-supervised Learning

e Semi-supervised Learning

The supervised learning algorithm attempts to learn the input-output relationship
(dependency or function) by using a set of example called “training data set” including n
pairs of (xq,¥1), (X2,¥2), (x3,¥3)... (xn, ¥,) where inputs x; are m-dimensional vectors
x; € R™ and y; are discrete values for classification problems and continuous values for
regression tasks which are called “data label.” Support Vector Machines is a popular and
seemingly the most reliable technique in this group of learning methods. Supervised
learning itself is divided into two types of learning problem namely, Classification and
Regression.

Un-supervised learning refers to the algorithms for which there are no data labels
‘available and using the input values of x; only, aims to find how the data are organised.
The most popular algorithms under this group are called Clustering techniques and
Component Analysis routines.

Semi-supervised learning is something between the other two learning algorithms,
where the data labels are available only for a small portion of the data while most of the
data is unlabelled. The reason for not having labels for all the data points is the cost or
other difficulties in the process of obtaining labelled data points. As a result, the goal of a
semi-supervised learning algorithm is to predict the labels of the unlabelled data by
taking the entire data set into account [12]. In this thesis an attempt is made to use the
application of a supervised learning algorithm in classification (specifically, Support
Vector Machines and kernel-based methods) to design and train a model to be able to
classify the enterprises which are more likely going to die, from those that are more likely

to remain active in the market. In this research, the focus is on supervised learning
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algorithms. Yet another modelling approach called Inclination Analysis that is based on
stochastic processes is also discussed. Throughout this thesis, these modelling approaches
are applied for classification task rather than regression. Modelling principles are

described in Chapters 3 and 4 respectively.

2.7 Machine Learning Limitations and Inclination

Analysis Approach

Despite the power and strong theory behind machine learning, it is still a
statistical modelling approach. It means that, in order to train the model, there needs to be
enough examples available. In case of speaker verification or hand writing recognition it
is easy to have lots of examples of different speakers or hand writings. However, if a
prediction needs to be made about the potential death of a lake, it is not easy, if not
impossible, to gather enough examples of the lakes that are dead or active to train Rl;e
model. Sometimes the cost of collecting enough data is such high that it is preferre\éiﬁf‘jto
use other modelling tools.

Quality of the provided examples is also very important. Training phase in
machine learning approaches is highly correlated to the quality of examples. Therefore,
the amount of noises in the data used for training can be very deterministic in this
approach.

In this research, application of Fisher kernel, one of the by-products of machine
learning, for prediction is discussed. However, many other kernels can be selected and
applied for classification. Choosing the best kernels for a certain application is very hard.
Although there are many kernels available and many others can be made with respect to
certain conditions, there is no evaluation method available to compare the performance of
kernels in different applications. Therefore, choosing the best kernel is another drawback
in this area.

In this thesis, another modelling approach is discussed that does not need a certain

number of examples for prediction. Instead, it makes use of brief windows of the past
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local changes of the same system to make prediction about its terminal state. This model
is called Inclination Analysis and is based on stochastic processes. Application of this
modelling approach in cases where there are not enough examples of system’s

input/output available is an appropriate choice.

-
N
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Chapter 3

Kernel-based Machine Learning

3.1 Methodology

There are three key features for a pattern analysis algorithm to be recognised as an
effective algorithm.
e Computational efficiency

o Robustness {
e Statistical stability

AR/\ >

As stated before, the concern in this research is to deal with financial time series
classification in order to make a prediction about the fate of a company.

The classification problem can be restricted to consideration of the two-class
problem without loss of generality. Assuming a set of data points, each one belonging to
one of two classes and given a new data point, the object is to determine which class the
new point belongs to. To carry out the training, one first needs to classify the available
data points, i.e. examples, into two classes and to do so the best classifier among all
separating hyperplanes must be chosen. There are plenty of possible linear classifiers that

can separate the data that are linearly separable (Figure 3.1).
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Figure 3.1 Possible decision boundaries to separate two classes of linearly separable
data

However, only one classifier can separate the two classes the best. This line
should be as far away from the data of both classes as possible. The distance between the
linear classifier and the nearest data point of each class is called the margin. In other
words, the margin needs to be maximised. In order to find the optimal separating

hyperplane, an optimization problem needs to be solved with the objective function of

margin maximization.

3.1.1 Optimal Linear Separating Hyperplane

Consider the problem of separating the set of training vectors belonging to two

separate classes,

D= {(x1:y1); "y (xltyl)}; TE€ER" ’ y & {—11 1} (31)
with a hyperplane,

(w,x)+b=0 (3.2)
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The set of vectors is said to be optimally separatéd by the hyperplane if it is
separated without error and the distance between the closest vector to the hyperplane is
maximal. There is some redundancy in Equation 3.2, and without loss of generality it is
appropriate to consider a canonical hyperplane [13], where the parameters w, b are
constrained by,

miinl(w,xi) +bl =1 (3.3)

This incisive constraint on the parameterization is preferable to alternatives in
simplifying the formulation of the problem. In words it states that: the norm of the weight
vector should be equal to the inverse of the distance of the nearest point in the data set to
the hyperplane. A separating hyperplane in canonical form must satisfy the following
constraints, 7

yillw,x}+b] =1, i=1,..,1 (3.4)

The distance d(w, b; x) of a point x from the hyperplane (w, b) is,
I(wl xi) + bl
ol

The optimal hyperplane is given b§5\’d‘maximizing the margin, m, subject to the

d{w,b;x) = (3.5) /

constraints of Equation 3.4. The margin is given by,

m(w,b) = min d(w,b;x;) + min d(w,b;x;)
xpyi=—1 xpyi=1

I((l),xi)‘l‘bl . I(wal>+bI
= i —_— n ——
xpyi=—1 || xpyi=1 ol
1 . .
= ———( min [{w,x;)+ bl + mi
||| \xizyi=-1 xi:
2

= m » (3.6)

n [{w,x;) + bl)
iyi=1

Hence the hyperplane that optimally separates the data is the one that minimises,

1
(@) = llwli® (3.7)
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It is indépendent of b because provided Equation 3.4 is satisfied (i.e. it is a
separating hyperplane), changing b will move it in the normal direction to itself.
Accordingly, the margin remains unchanged but the hyperplane is no longer optimal in
that it will be nearer to one class than the other. Given that the following bound holds,

loll <A (38)

then from Equation 3.4 and 3.5,
1
d(w,b;x) = 7 (3.9)

Accordingly, the hyperplanes cannot be nearer than % to any of the data points and

intuitively this reduces the number of possible hyperplanes, and hence the capacity. The
VC dimension [10], h, of the set of canonical hyperplanes in n-dimensional space is
bounded by,

h < min(R?A%,n) + 1 (3.10)
where R is the radius of a hypersphere enclosing all the data points. Hence, minimising
Equation 3.7 is equivalent to minimising an upper bound on the VC dimension. The
solution to the optimization problem of Equation 3.7 under the constraints of Equation

3.4 is given by the saddle point of the Lagrange functional (Lagrangian) (Minoux, 1986),
l

1
0(@b,@) =50l = ) @Gil{w,x) + b - 1 (3.11)

=1
where a are the Lagrange multipliers. The Lagrangian has to be minimised with respect
to w, b and maximised with respect to a = 0. Classical Lagrangian duality enables the
primal problem, Equation 3.11, to be transformed to its dual problem, which is easier to

solve. The dual problem is given by,
max W(a) = max (min 0 (w,b, a)) (3.12)
a a w,b

The minimum with respect to w and b of the Lagrangian, @, is given by,

l

a9

5—5=0 = Zaiyi=0
i=1

l

0

% =0 = w= 2 a;x;y; (313)
i=1
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Hence from Equations 3.11, 3.12 and 3.13, the dual problem is,

L1 !
1 )
max W(a) = max —EZ z a;a;y;y;{x;, x;) + Z ay (3.14)
_]= k=1

and hence the solution to the problem is given by,

Lol
1
a® = argmin —ZZ o;a;y;yi{x;, x;) — Z ay (3.15)
a \2

i=1 ]:1 k=1

with constraints,

=1

Solving Equation 3.15 with constraints Equation 3.16 determines the Lagrange

multipliers, and the optimal separating hyperplane is given by, P
! “x
"= Z a; yiX;
i=1 ,
1 /
b* = —-E(w*,xr + x) (3.17)

where x, and x, are any support vectors from each class satisfying,

aa;>0 y.=-1y,=1 (3.18)

The so-called maximal-margin decision boundary, i.e. hard classifier is then,

f(x) = sgn({w”,x) + b) (3.19)

The idea of maximal-margin decision boundary is depicted in Figure 3.2.
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Figure 3.2 Maximal-margin Decision Boundary

Detecting linear relation has been the focus of much research in statistic and
~machine learning for a long time. However, when it comes to complex real-world
systems, it is generally impossible to express the relations as simple linear combination of
the given attributes. Kernel-based methods are of the effective approach for identifying
patterns in a finite set of data because, this approach, first, transforms the data into a
suitable so-called feature space and then uses algorithms based on linear algebra,
geometry and statistics to discover patterns in the transformed data.

Support Vector Machines is recognised as one of the most powerful algorithms
for pattern analysis and is out performed in different applications since its introduction in
1995. The kernel methods provide one of the main building blocks of Support Vector
Machines (SVM). One of the remarkable features of SVM is that to a certain extent the
approximation-theoretic issues are independent of the learning-theoretic ones. Therefore,
one can study the properties of the kernel methods in a general and self-contained way,
and use them with different learning theories. In this research, the main focus is on kernel

based classification. For more details on SVM see Appendix A.
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3.1.2 Kernel Functions Principles

The limited power of linear learning machines was highlighted in the 1960s by
Minsky and Papert [14]. In general, complex real-world applications require more
expressive hypothesis spaces than linear functions. Another way of viewing this problem
is that frequently the target concept cannot be expressed as a simple linear combination of
the given attributes, but in general requires that more abstract features of the data be
exploited. Multiple layers of thresholded linear functions were proposed as a solution to
this problem, and this approach led to the development of multi-layer neural networks
and learning algorithms such as back-propagation for training such systems.

Kernel representations offer an alternative solution by projecting the data into a
high dimensional feature space to increase the computational power of the linear learning
machines. Another attraction of the kernel method is that the learning algorithms and
theory can largely be decoupled from the specifics of the application area, which must
simply be encoded into the design of an appropriate kernel function.

The fact that simply mapping the data into another space can greatly simpli%y the
task has been known for a long time in machine learning, and/ﬁas given rise to a number
of techniques for selecting the best representation of data. The quantities introduced to
describe the data are usually called features, while the original quantities are sometimes
called attributes. The task of choosing the most suitable representation is known as
feature selection. The space X is referred to as the input space, while F = {@(x): |x €
X} is called the feature space.

Figure 3.3 shows an example of a feature mapping from a one-dimensional input
space to a three-dimensional feature space, where the data cannot be separated by a linear
function in the input space, but can be in the feature space. The aim of this chapter is to
show how such mappings can be made into very high dimensional spaces where linear

separation becomes much easier.
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Figure 3.3 A feature map can simplify the classification task

Different approaches to feature selection exist. Frequently one seeks to identify
the smallest set of features that still conveys the essential information contained in the
original attributes. This is known as dimensionality reduction, i.e.

X = (X1, 0, %) = O(x) = (Ql(x), ...,Q)d(x)), d<n., (3.20)
and can be very beneficial as both computational and generalization performance can
degrade as the number of features grows, a phenomenon sometimes referred to as the
curse of dimensionality'. The difficulties with high dimensional feature spaces are
unfortunate, since the larger the set of (possibly redundant) features, the more likely that

the function to be learned can be represented using a standardised learning machine.

3.1.3 The Implicit Mapping into Feature Space

In order to learn non-linear relations with a linear machine, it is necessary to
select a set of non-linear features and rewrite the data in the new representation. This is

equivalent to applying a fixed non-linear mapping of the data to a feature space, in which

" The curse of dimensionality is the problem caused by the exponential increase in volume
associated with adding extra dimensions to a (mathematical) space. The term was coined by
Richard Bellman.
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the linear machine can be used. Hence, the set of hypotheses under consideration will be

functions of the type

; -
) =) o) +b (3.21)
i=1

where @ : X — F is a non-linear map from the input space to some feature space. This

means that non-linear machines will be built in two steps:

e first a fixed non-linear mapping transforms the data into a feature space F
e alinear machine is used to classify them in the feature space.

One important property of linear learning machines is that they can be expressed
in a dual representation. This means that the hypothesis can be expressed as a_linear
combination of the training points, so that the decision rule can be evaluated using just

inner products between the test point, x, and the training points, {xi}ﬁ___l,:
1

fG) =) ay(®0).000) + b (3:22)

i=1

If a way of computing the inner product {(@(x;). @(x)) in feature space directly as
a function of the original input points could be found, it becomes possible to merge the
two steps needed to build a non-linear learning machine. This direct computation method
is the so-called kernel function.

As mentioned earlier the kernel function K is defined such that for all x;, x; € X

K (x;, %) = (B(x;). B(x;)) (3.23)
where @ is a mapping from X to an (inner product) feature space F.

The name “kernel” is derived from integral operator theory, which underpins
much of the theory of the relation between kernels and their corresponding feature
spaces. An important consequence of the dual representation is that the dimension of the
feature space need not affect the computation. As one does not represent the feature
vectors explicitly, the number of operations required to compute the inner product by
evaluating the kernel function is not necessarily proportional to the number of features.
The use of kernels makes it possible to map the data implicitly into a feature space and to
train a linear machine in such a space, potentially side-stepping the computational
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problems inherent in evaluating the feature map. The only information used about the
training examples is their Gram matrix’ in the feature space. This matrix is also referred
to as the kernel matrix. The key to this approach is finding a kernel function that can be
evaluated efficiently. Ornce chh a function is evaluated the decision rule can be evaluated

by at most £ evaluations of the kernel (I being the number of support vectors):
l

fl) = Z a;yiK(x;,x)+b (3.24)
i=1
One of the facts about using a kernel is that it is not necessary to know the
underlying feature map in order to be able to learn in the feature space. However, it must

be a symmetric positive definite function, which satisfies Mercer’s Conditions,

ff K(x1, %) g(x)g(x;)daydx; > 0 (3.25)

to represent a legitimate inner product in feature space.
In fact, the idea of a kernel generalises the standard inner product in the input
space. It is clear that this inner product provides an example of a kernel by making the

feature map the identity
K(xi,xj) = (xl-,xj) (326)

Q\ >
3.1.4 Fisher Kernel

In this thesis the Fisher kernel [15] is explained since it has been shown to
perform well in many applications and can process data that are not of the vector type
[16]. Generative models such as Gaussian Mixture Models (GMM) and Hidden Markov
Models (HMM) [17] have been vastly used to model the observed data.

The Fisher kernel attempts to extract from a generative model more information
than simply its output probability. The goal is to obtain internal representation of the data

items within the probability model that describes the system’s input to handle the variable

? In linear algebra, the Gram matrix of a set of vectors V4, ... , Uy in an inner product space is the
symmetric matrix of inner products, whose entries are given by G;; = (v; | v)).
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length data. The probability model needs to be parameterised so that derivatives of the
model with respect to the parameters can be computed. Given a generative model which
is a probability density function of input points x, say, M = P(x,8), of data with
parameters 6 = {Hi}?=1 where p is the number of parameters, the probability of each data
point x can be computed using the generative model M with the parameters 8. This

probabilistic value with respect to the generative model M is defined to be the likelihood

of that specific data point. So for an input space X = {xj}?zl with n as the number of

data points in a set of training data points, the model parameter 8 can be learned by
adapting all the points to maximise the likelihood of the training set. So basically one

needs to maximise

n
ﬂ Lo(x) e (3.27)
j=1

where L represents the likelihood of the training data. To get rid of the complicated
calculations, in terms of dealing with several multiplications, in practice, the log-
likelihood of the data points x; with respect to the generative model is used in operation

as follows:

log Hﬁg(xj) = Z log Lo(x;) (3.28)
j=1 =

Consider the vector gradient of the log-likelihood

(6,%)) = (109 ely) 2logLolyy)  dlog Lo()
g\v, 1) 691 ’ 662 ) eny aep

(3.29)

Hence for each data point x;, g(8, x;) is defined as its Fisher score with respect to
the generative model for the given set of parameters 8. The Fisher score gives an
embedding into the feature space RY and, therefore, immediately suggests a possible

kernel, which is called the Fisher kernel and is represented as
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K(x;, %) = g(@,xj)' Iy "tg(6,x;) (3.30)
where Iy, is called the Fisher information matrix, which is usually approximated by

identity. So the practical Fisher kernel is defined as

K(x;, %) = g(6,%) g(8,x) (3.31)

3.2 Application to System Collapse Prediction

In this thesis, an experiment is conducted for implicit mapping of the closing
stock price time series of some companies belonging to two different industrial sectors to
a feature space, where it is possible to make use of visualisation techniques to inspect the
pattern behaviour of the associated companies. Then given a time series of a new
company that belongs to the same sector, prediction of its potential collapse is made.

In brief, the experimental procedure includes the following steps:

1. Collection and preparation of financial time series, i.e. closing stock prices

2. Selection of a generative model and estimation of associated parameters

3. Calculation of Fisher scores for all data points

4. Plotting the summation over the Fisher scores pertaining to the mean

parameters versus the summation over the Fisher scores pertaining to the
variance parame%/i{s{#

5. Visual inspection and determination of possible clusters

3.2.1 Data Collection Process

Actual closing stock price data are collected using Datastream software. It is the
world’s largest and most respected financial statistical database. Datastream provides
historical financial information with worldwide coverage. Key data sets include equities
and company financials, stock market indices, unit and investment trusts, warrants,

bonds, interest rates, exchange rates, commodities, and macroeconomic data sourced

27



from the IMF, OECD and government agencies. It is also possible to get time series data

from Datastream. Time series coverage may vary for various countries and companies;

however, Datastream covers up to 50 years of data. Available frequencies include daily,

weekly, monthly, quarterly and annually. Table 3.1 indicates a list of criteria to be set for

a typical search in Datastream.

Field Name Description
Name Name of a specific company(s)
Market Country that the data are collected for
Base Date Appearance date of a company in the Market
Currency Currency of the prices "
Data Category Currently there are 18 data categoriss available
Status Available categories are: Dead, Active, Suspended

Instrument Type

Basic types of financial instruments

Sector Industry Sector
Exchange Different Stock Exchanges
Available types of prices are: Opening, Closing, Highest and
Data Type
Lowest Price
Data Type Base Date | The point of time from which one needs to collect the data
Available frequencies are: Daily, Weekly, Monthly, Quarterly
Data frequency

and Yearly

Table 3.1 Criteria to be set for a typical search in Datastream

The closing stock price data are collected for the companies belonging to the “Oil

& Gas Producers” and “Water & Gas Multiutilities” sectors.

In general, the data collection phase can be completed through the following

steps:
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10.
11.
12.
13.

14.
15.

16.
17.
18.
19.

. Running Microsoft Excel and selecting “Datastream-AFO/ Time-Series Request”

from the drop-down menu

Datastream uses codes to identify companies and other financial securities. If the
code is known, it should be entered in the “Series/Lists™ field. If not, the “Series
Selection™ button can be used to search.

Selection of the correct Data Category. To search for a company, “Equities” can

be used.

. Typing the name of the company in the “Name” field. It is better, however, to

narrow down the search using “Market”; “Status™; “Exchange”. To look for a list
of companies, this field must be left blank.

Selecting the appropriate Market

Selecting the appropriate Base Date; It reflects the date starting from which the
company is appeared in the Market

Selecting the appropriate Currency

Selecting the appropriate Status: Options are: Active, Dead, Suspended or All
Selecting the appropriate Instrument Type

Selecting the appropriate Exchange

Selecting the appropriate Sector

Selecting the appropriate Data Type

Selecting the appropriate Data Type Base Date: It reflects the date starting from
which the data to be collected for a company

Clicking on thij‘\;Sﬁarch”;\button: A list of companies will appear

Selecting the companies which the data are needed for and clicking on the
Explorer link

At the “Time Series Request” window, the Data Type must be specified again
Adding a Start and End Date if the data for a specific interval are needed
Selecting the appropriate Frequency

Clicking on Submit: the data will export to an Excel sheet showing the time series

values for each company
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To get the list of companies which the data are collected for, after step 14, it is
necessary to select the companies and click on the “Microsoft Excel” button at the top

right of the window. Table 3.2 shows the values that are selected for this research.

Field Name Value Set
Name Blank (No specific company)
Market USA and CANADA
Base Date Before 01/01/95
Currency usDh ‘ /’ i
Data Category Equities —
Status Both Dead and Active
Instrument Type Equities
Sector Oil & Gas Producers & Gas, Water & Gas Multiutilities
Exchange NASDAQ, TSX, NYSE
Data Type Closing Price
Data Type Base Date | After 01/01/95
Data frequency Weekly

Table 3.2 Set values to collect the required closing stock price data

This procedure is repeated four times to obtain the required data for active and
dead companies belonging to each of the stated sectors. It is realised that there are two
major drawbacks in using the data as collected:

1. The length of time series is not the same for all of the companies. The amounts of
available data are different for each company.

2. For the dead companies, the value of the closing stock price remains constant from
some point of time, which means that the company is dead after that point. Figure 3.4

illustrates the weekly closing stock price for a dead company.
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Figure 3.4 Weekly closing stock price fluctuation for a sample dead company

These drawbacks affect the quality of the results obtained from the experience. To
address these problems the coggftaht part of the time series for dead companies is ignored.
Also the data need to be SO/i'\tgg out in a time frame in such a way that the maximum
number of companies along with the maximum amount of weekly price data can be
obtamed Selecting and sorting out the data between two points of time causes a part of
the collected data for some companies to become useless. Those companies that do not
have sufficient data available between the specified points have to be eliminated from the
collected data. This is the main reason for high reduction of dead companies after the
completion of the data preparation phase.

Finally, the prepared data to be entered into the system for further calculations are

represented as
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X11 X12 X3 X1j
Xz1 X2z X33 Xaj

Data= |¥31 X32 X33 X3j (3.32)
X1 Xiz X3 Xijdosw

s Grn
4

where “x;;” is the closing stock price of company at week “j". There are “C”

companies, i.e. number of rows, each, having “W” weeks, i.e. number of columns, of
consecutive closing stock prices in each class of data.

The common interval in which the data are obtainable for all companies is
between years 1995 and 1996 in this research. After preparing the data, a 104-length time
series of weekly closing stock prices (W = 164) i; available for each company. Table
3.3 indicates the number of active and dead companies, C, for each sector before and after

the data preparation phase.

Number of Companies
Companies
Sector ©)
Status
Before After
Active 74 72
0Oil & Gas Producers
Dead 299 58
Active 49 44
Gas, Water & Multiutilities
Dead 97 51

Table 3.3 No. of active and dead companies before and after data preparation

Figures 3.5 and 3.6 illustrate the weekly closing stock price time series for a
sample of twenty active and twenty dead companies belonging to the “Oil and Gas
Producers” sector, collected from various stock exchanges Toronto Stock Exchange

(TSX), NASDAQ and New York Stock Exchange (NYSE) using Datastream software.
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Figure 3.5 Weekly Closing stock prices for 20 active companies in “Oil & Gas
Producers” sector between 1995 and 1996
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Figure 3.6 Weekly Closing stock prices for 20 dead companies in “Oil & Gas
Producers” sector between 1995 and 1996

33



The closing stock price values change from $0 to almost $35 fc;r active companies
as shown in Figure 3.5 and from $0 to $71 for dead companies as shown in Figure 3.6
during the same period, i.e. common interval, from 1995 to 1996. Their changing
variances reveal the difficulty of finding out a general pattern among dead or active
companies to decide if a given company will die or will remain active in the future. It is
almost impossible to recognise an active company from a dead one. The high dimension
of the financial time series is another drawback which makes closing stock price

evaluations very complicated.

3.2.2 Modelling Approach

The aim is to design an efficient model to provide an observer the ability to
distinguish a more likely collapsing, i.e. dying, enterprise from one that is more likely to
survive in a specified sector. It is assumed that the closing stock price of every company
at each point of time follows a probability distribution with a certain number of
parameters and parameter values. As discussed in Section 1.3, it is almost impossible to
determine the exact probability distribution function which represents each company’s
closing stock price. In this research, a single probability distribution function is chosen as
a generative model to estimate the probability of the closing stock prices for the
companies in a sector at different points of time, i.e. weeks. In this way, the number of
probability distribution parameters is the same for all companies while the parameter
values are different. By accessing the closing stock prices over some period of time, it is
possible to estimate these parameters for each company using statistical methods. The
more data available for each company, the more accurate the estimation of parameters
will be. In this research it was decided to use the Gaussian probability distribution
function to represent a generative model of the available data for each of the companies
in the specified sector. The reason for this selection is that the computations and
modelling process are more tractable with Gaussian distribution. A stress-test analysis is

also described in Section 3.2.6 which studies the robustness of the modelling approach.
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In general, there are two types of companies recognisable in each sector. First,
companies which are shut down by bankruptcy, merged or bought by other companies
and do not exist in the market as standalone firms by the time of data collection. These
are the so-called dead companies. Second type includes the companies that do exist in the
market at the time of data collection. These companies are called active. Regarding the
Gaussian generative model, the probability of the closing stock price of company i at

week j where “x;;” indicates the closing stock price, is

1 1(x;—u\
P(x;;) = P (—5(————%% ”’) ) v (3.33)
J

where u; and ajz are the mean and variance of the closing stock price at week j for all

available companies of the same type. This concept is depicted in a qualitative manner in

Figure 3.7.
Stock 4
Price
Hjsg |-on
Hy
Uijve
‘uj_n . ,...,).‘\.,.WM - Y
Hjsg _,.,,W‘w .
j+3 jt+4 j Week No.
Figure 3.7 ‘5 Weekly closing stock prices of each company can estimate by Gaussian
probability distribution
<>

Regarding the input data for each category, i.e. dead or active, the weekly mean
and variance for each data category can be shown as coordinates of a vector as

p=1[H M Hz - Hw]iy (3:34)

35



02 =[0? o 0% .. OGlixw (3.35)

3.2.3 Application of Fisher Kernel in Analysis of Financial
Time Series

The Fisher kernel is utilised in this research because it W\ag shown to perform very
well in many applications [15] [18] [19]. Generative models such as Gaussian Mixture
Models and Hidden Markov Models [17] have been used to model the time series data
[20]. However, the Fisher kernel is a different strategy that attempts to extract from a
generative model more information than simply its output probability. The goal is to
obtain internal representation of the data items within the model [21]. As it was decided
to use a Gaussian probability distribution function as the generative model, Pg, (xij)
represents the probability of the closing stock price value of company i at week j, where |
Oy = {/1 1107 j}. Therefore, in order to calculate the probability of having a certain closing
stock price for each data point X; = {xij}}fvzl, one needs to multiply W number of
probabilities obtained from the Gaussian generative model, i.e. Equation 3.33, each

having its specific estimated parameters i, and g;” as follows,

P(X)) = HP(xU) l—[ e exp( ;(x,] Ii]) ) (3.36)
j

where W is the total number of weeks over which the closing stock price data are

collected or randomly generated. P(X;) is defined with respect to the Gaussian model to
be the likelihood of that specific data point X;. So for an input space X = {X;}%., with C
as the number of companies in a set of training data, the model parameters can be learned
by adapting all the points to maximise the likelihood of the training set. In order to get rid
of the complicated calculations, in terms of dealing with several multiplications, the log-

likelihood of the data points, X;, with respect to the generative model is represented as
w
log P(X;) = logHP(xij) (3.37)
j=1
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and is used in all the computations.

Considering the vector gradient of the log-likelihood,

dlog PX)\’
g(o.x) = (2 (%) (3.38)
06;
i=1
where p is the number of model parameters, in this case y and o2.
Equation 3.38 can be expanded as
dlog P(X;) dlogP(X;)
9(6,X) = ( w de (3.39)

Each of the coordinates in Equation 3.39 is a vector because the gradient of the
log-likelihood of the data points is calculated with respect to vectors y and o. In fact, the

coordinates of Equation 3.39 can be shown as

dlog P(X;) _ [(xn - ﬂ1) (xiz - #2) (xiw - #W)] (3.40)
ou 0,2 ' a,* o o> .
dlogP(Xy) _ [(_ 1 | Gra=u)®Y (_ 1, Cria~ps)* _ 1, Ga—ew)?
o - [( oy T 043 )' ( o2 + a3 )' '( ow + ow3 )]

where each coordinate at the right hand side of the Equation 3.40 is defined as the Fisher
score of the data point X; at week j with respect to the log-likelihood of the generative
model.

The Fisher score gives an embedding into the feature space RV and, therefore,
immediately suggests a possible kernel. The matrix I,,, which is called Fisher information
matrix and is usually estimated by identity, can be used to define a non-standard inner

product in that feature space. Finally, the Fisher kernel is defined as
"

S
) , _
KX, %) =9(6,%) Iy *g(6,X) (3.41)

The practical Fisher kernel is defined as
K(X;,X;) = g(6.%;) 9(6,%) (3.42)
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3.2.4 Training the Model

The data are collected as described in Section 3.2.1. A code is written and
developed using MATLAB R2008b software to estimate all the parameters for each
company. By completion of step two as stated in Section 3.2, there exists a mean, y, and
a variance, 2, for each week that are used for further computations. To calculate the
Fisher scores, another code is developed using MATLAB R2008b- ™

As described earlier and from Equation 3.39, the number of éoordinates of the
gradient vector for each company is equal to the number of the generative model’s
parameters. Based on the dimension of the data, each coordinate of the gradient vector
can be a vector itself. In this case, the dimension of the data is equal to the number of
weeks, i.e. W. Therefore, each coordinate is a vector that contains W elements; each
represents the Fisher score of the corresponding company at week j.

In order to perform a visual inspection of the data to compare the dead and active
companies, the summation over all the elements of the first coordinate of the Fisher
scores vector (Equation 3.39), versus the summation over all the elements of the second
coordinate of the Fisher scores vector (Equation 3.39) are plotted. These values are

calculated using Equations 3.43 and 3.44 respectively.
w

x. , — M .
Sps, = 2 (%) (3.43)
j=1 J
w 2
Sps, = z (—; + ——‘—’———03—-’——> (3.44)
=\ 9 j

By finishing all the calculations of the Fisher scores and using Equations 3.43 and
3.44, a matrix of size d X 2 is created, where d is equal to the total number of the active
and dead companies in the specified sector. As a result, for every company in each class
of data there are two unique values of Spg, and Spg, that can be easily plotted against

each other.
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3.2.5 How to Use the Model and Plots

After completion of the training phase, given a new time series of a company, the
Fisher scores computes and Sgs, versus S Fs, plots for visual inspection. A plot is shown
in Figure 3.8 that is pertaining to the “Oil and Gas Producers” sector. The new data point
represent the corresponding company can be in one of the three possible areas. If it is
inside or close to the red circled area, the company is considered as dead. Conversely, if
the new data point is inside or close to the blue textured area the associated company is
referred to as an active company. However, there is still a chance that the new point
would be somewhere between the two areas. In this case it is depend on the observer’s

judgement to classify it as a dead or active company.

80 - A

SFs,

o Active
4 Dead
25 35
SF S1
Figure 3.8 How to use the model for dead or active companies’ recognition
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3.2.6 Stress-test Analysis of the Modelling Approach

So far, the modelling approach has been described and the experiment was
completed for data selection and visualisation. The next step is to perform a stress-test to
the modelling approach by applying it to some highly randomly, generated data. As
explained in Section 3.2.1, the data need to be generated for two-types of companies:
companies that are active as standalone entities in the market and those that \are‘ydead.

One of the major drawbacks of dealing with closing stock prices is their
unpredictable fluctuations from time to time. Therefore, to test the model, the level of
uncertainty of the data, including the amplitude of the closing stock pricé variations, is

increased, and the behaviour of the model under this condition is monitored.

3.2.7 Data Generation Process

Random closing stock price values are generated with a heavy-tailed probability
distribution that promises to cover more uncertainty because of its nature. There are
different heavy tailed distributions available; however, with respect to the fact that the
distribution that generates positive values is needed, it is necessary to choose a right-
tailed probability distribution that promises the generation of data from zero to positive
infinity. Weibull distribution, which is shown by Equation 3.45, seems to be an
appropriate choice as, depending on the values of its parameters, it has various

behaviours including heavy-tailed distribution:

s =) @) 6

Adjusting the shape parameter to be less than one (o < 1), Weibull distribution is
considered to behave like a heavy-tailed probability distribution.

Looking at Figures 3.9 and 3.10 once again proves how difficult it is to deal with
the uncertainty of the data. The high dimension of the financial time series is another

drawback that makes closing stock price evaluations very complicated. This is even more
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complicated in this case where random closing stock prices are generated using a heavy-
tailed probability distribution to increase the closing stock price variations. The randomly
generated data by Equation 3.45 for active and dead companies are plotted in Figure 3.9
and Figure 3.10 respectively which indicate a higher variation uncertainty in closing

stock prices compared to real values.
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Figure 3.9 The random generated weekly closing stock prices for active companies
for two years
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Figure 3.10 The random generated weekly closing stock prices for dead companies
for two years

The random data are generated separately with different scale parameters for each
of the companies for active or dead categories. It was, however, decided to have a
constant shape parameter for all the companies in each category. It was also decided to
train the model for 50 companies of each type, i.e. active and dead, and generate the
random closing stock prices over a period of one hundred weeks. As stated before, it is
not known what probability distribution each company’s closing stock price follows. By
generating a random time series for each company, the parameters of the generative
model (see Section 3.2.2) can be estimated and used in further calculations.
In the stock market world, it is very likely to have a value out of the confidence interval.
This affects the parameter estimation accuracy, the modelling process, and consequently,
the results about the companies. For the model to be more robust, one needs to add as
much confidence as possible to the estimated parameters to achieve the most accurate
results. To address this problem it was decided to generate random data rather than make
use of real values of closing stock prices. In this way it is possible to specify a wider

range of closing stock price values and cover more scattered data to increase the
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uncertainty and test the robustness of the model. It also provides the opportunity for

sensitivity analysis of the model for different price variations.

3.3 Results and Discussion

Plots of the collected data for the sectors “Oil and Gas Producers” and “Gas,

Water & Multiutilities” are shown in Figures 3.11 and 3.12 respectively.

A
100 -
SF So
80 - A
o
60 -
A
a0 -
o Active
el o 4 Dead
A ©
o e o
o
, T — D K \
o]
25 15 0%\‘1 5 e g el 25 35
@, 4 A <
W e
it 7wy o SFs,

=20 -

Figure 3.11 Sks, V8. Sgs, plot for “Oil & Gas Producers™ sector
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Figure 3.12 Sks, Vs. Sgs, for “Water & Gas Multiutilities™ sector

Figures 3.11 and 3.12 reveal that, although the collected data include in
themselves uncertainty, it is still possible to visually recognise and segregate the two
classes of dead and active companies. Given the time series pertaining to a new company

in the same sector, it is possible to calculate and plot S Fs, Versus Sgg, and visually inspect

the plot to determine if the obtained point is close to either the active or the dead

companies’ area.

As the amplitude of fluctuations in closing stock price decreases, the S Fs, Versus
Srs, plot of each class of data tends to become very close to a nearly perfect parabola. In

the study presented here, despite the variations in weekly closing stock prices, it is
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possible to separate the two classes perfectly. Robustness of the modelling approach is

examined using random generated data in Section 3.3.1.

3.3.1 Test of Robustness

Sks, versus Sgg, plot of the randomly generated data is plotted in Figure 3.13.
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Figure 3.13 Plot for Fisher scores computed using randomly generated closing stock
prices with a higher level of uncertainty

Figure 3.13 reveals that although the random generated data includes in itself

more uncertainty, it is still possible to visually recognise the two classes of dead and
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active companies. Hence, given a time series of a new company in the same sector, it is
possible to simply plot Sgg, versus Sgg, and visually inspect if it is close to the areas of
active or dead companies. Areas of active and dead compar\lies in Figure 3.13 are not
perfectly separable; however, compared to the level of calculations and the level of
uncertainty, the judgment that one can make about a new data point is quite acceptable.
As the amplitude of fluctuations in closing stock price decrease, the S Fs, Versus Sgg, plots
for each class of data tend to shape up as a parabola. From a certain level of variations it
is possible to separate the two classes almost perfectly, and therefore, the accuracy of the
results will increase. Figure 3.14 illustrates the Sgg, versus Sgs, plot for a lower variation

level in closing stock prices generated using Weibull distribution with different

parameters.
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Figure 3.14 Plot of Fisher scores computed using randomly generated closing stock
prices with a lower level of uncertainty
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Chapter 4

Inclination Analysis

4.1 Methodology

Inclination Analysis [22] that is proposed by Kryazhimskii and Beck in 2002 is a
strategy for assessing the final fate of a system for its collapse potential. This method
attempts to answer the following question: “Does access to a brief window of observed
local changes of a system give any indication of whether the system has a tendency
toward dominance of some behaviour such as collapse or survival in the future?” In fact,
the observation window of local changes of the system’s behaviour during some periods -
of time in the past is the key to this approach. This method has been used on

environmental [22] and economic [23] systems.

4.1.1 Problem Definition

In this method, the system’s local changes during some periods of time in the past
are classified as desired, (+), or undesired, (=), using a procedure that is specified based
on the characteristics ‘ot; the system under study. In fact, a set of binary models of the
system defines and functions over indefinite periods of time. These periods can be

considered as any real tll;\{’lé period, such as day, week, or year depending on the system.
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The system’s final fate, then, is assessed based on the theory of pa}\\sh dependent stochastic
processes. It is presumed that the system changes over discrete @oints of time. Systems
can-have different types of behaviour; however, in order to put things in a simple fashion,
the model reflects a binary classification of the system’s behaviour into. either collapse or
survival. Of course, one needs to have a clear definition of coll;{ap‘se and survival to
express the indication and borders of each tendency. In general, there are two essential
hypotheses about the system under analysis, to be made:

Hypothesis 1: The fate of the system in the far distance is governed by just two
radically different terminal states: collapse or survival.

Survival means that the system continues to remain active in terms ,(')Vf
interrelations and dealing with other systems. However, collapse mean the system stops
working and it has no interact with its surrounded environment

Hypothesis 2: Local changes in time towards collapse or survival are positively

correlated with those in the past.

4.1.2 Model Parameters

A number of parameters must be defined to construct the binary model. Time
periods over which the data are available are denoted by k. The model’s local change
over a single period of time is of two categories: + (toward surVi\}al) or — (toward
collapse). It is needed be clarify that the pluses and minuses do not indicate the system
survival or collapse. They represent the local changes of the system toward survival or
collapse. These changes are called transitions. It is assumed that a procedure is available
to identify + or — transitions between each two periods. In each period k, a finite string s
of length m (where m is fixed) is used to characterise those features of the system’s past
that have impact on the system’s local change between periods k and k + 1. The string s
is any combination of + and — transitions realised sequentially between each two periods
from k — m to k. String s is defined as the state of the model in period k that gives rise to

the model’s transition between k and k + 1. Therefore, the model’s state is the m-long
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moving window always adjoined to the latest — or + in the sequence. This concept is

shown in Figure 4.1.

transitions
point of time

L

m-long moving window

Figure 4.1 m-long moving window indicating the system's state between period
k—mandk—1

The binary model parameters are described in Table 4.1.

Parameter Description
m The states length of the model
m- Collapse Critical Level
m* Survival Critical Level
n- No. of minuses in a state
n* No. of pluses in a state
q Probability of being at each of the states at k = 0
r- Probability of having a minus for next transition
gl Probability of having a plus for next transition

Table 4.1 Binary model parameters

As a result of the second hypothesis, a strong dominance of the — or + in the state

s causes a — or + at the next transition respectively. This dominance is recognised with
]

respect to collapse critical level, i.e. m™, for a — transition and survival critical level,
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i.e.m*, for a + transition. In fact, if the number of — tran§itions in a window of
observation, i.e. n~, is equal to or bigger than the collapsedcritical level, then the
probability of having a — for the next transition is one; and if the number of + transitions
in a window of observation, i.e. n*, is equal to or bigger than the survival critical level,
then the probability of having a — for the next transition is zero. The probability of
having — for the next transition is defined to be r~. Clearly, r~can accept any value
between 0 and 1. The probability of having the next transition as + is defined by r*;
however, since r~ and r* are complementary (r~+r* = 1), only r~ is considered in
operations. Table 4.2 illustrates the relation between the — or 4+ dominance and the

probability of having — or + for the next transition.

Probability of Probability of
— or + dominance
having — (r™) having + (r*)
n-=m" r-=1 rt=0
nt >m* r- =0 rt=1
n~-<m &n*<m? r-=r rf =1-r
Table 4.2 Probability of next the transition being — or + respectively in different
conditions

4.1.3 Construction of the Binary Model

Once the state’s length, m, is fixed and with respect to the binary model, in each
period of time, k, the system can be in one and only one of the 2™ different possible
states. So the matrix of transition probabilities is defined as Z and is a square matrix of

size 2™ X 2™ as follows:
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+ 4+ -4+ + + 4 e - aee ——es = e — e — —

1—-7r 0 0 0
r 0 0 0
0 1—-7r 0 0
Z= 0 r 0 0
0 0 1—-r 0
0 0 r 0
0 0 0 1-r ——
0 0 0 r -—

++...
++...

++

.._.+

(4.1)

The elements of the matrix Z reflect the probability of having a — transition, i.e.

r~, from one possible state to another. As shown in Equation 4.1, there are only two

elements in each column that can have non-zero values because of the binary modelling

of the system To assess the final fate of the system by having it operate over a very large

number of time periods, calculation of Z( is required. This probability matrix can then

be expressed as

Zing = lim (D)

(4.2)

if the limit exists. In practice the value of Z;, is estimated by Z !, where [ is a very large

number. When the system is in period k, the probability of being in each of the possible

states can be shown as a 2™ X 1 matrix as follows:

Pyt (R
Pyy..p(k)
P(k) = Z*q =
P__._,(k)
P (k).

where q is the initial probability of the state s at k = 0. g can be shown asa 2™ X 1

matrix:

e
kS
)
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Py (0)] Pt 4] S
| S (1)] I [
q= 5 =] ‘ (4.4)
P__._.(0) o I—
P _.__ (0)J s S—

It is assumed that at k = 0, for which there are no observational data available,
the system is in a stable cycle. This helps one to specify the values of the matrix g
elements. Finally, the binary model can be shown as

P = Zyq | | (4.5)

where P is the probability vector with each element indicating the probability of being in
one of the possible states after a large number of time periods. As the system operates over
indefinite periods of time and with respect to the first hypothesis, one of the two states of
(—=-—= ) and (+ + --- 4+ +) dominates after some periods and the probability of
being in any other possible states approaches zero. Therefore, the probabilities of collapse
and survival are definedtobe P~ = P__...__ and P* = P,,..,, respectively. Due to
the fact that the collapse and survival probabilities are complementary, the following

relation holds:
P~ +Pt=1 (4.6)

Up to this point the model-based analysis is completed without having access to
past observations. Given an observation such as g, at some period, then, the Equation 4.5
will change to

P = Zinch (4.7)

‘where ¢ indicates the conditional probability vector with respect to observation g.

Probabilities of collapse and survival will then change to

Pr=P_.__ , (4.8)

C
PC+ = P++"'++C . (49)

By comparing the results from the model-based analysis with the results when

there is an access to historical observations, the following can be investigated:
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If P~ > P~ , one claims that the observed g sequence of local changes in the
system increases the probability of collapse in the model. Hence, the model registers an
inclination towards collapse.

If P~ < P, one claims that the observed g sequence of local changes in the
system decreases the probability of collapse in the model. Hence, the model registers an
inclination towards survival.

If P7 = P7,the model registers no inclination, which is relatively rare.

4.2 Application to System Collapse Prediction

In this part the aim is to test the performance of the inclination analysis method on
the same data sets of the active and dead companies belonging to the “Oil and Gas
Producers™ sector. In fact, having access to the closing stock prices of 50 dead companies
and 50 active companies that were selected randomly from the above sector over different
periods of time, an experiment was conducted to test if it is possible to predict the
potential collapse of a company before it happens. This method has the advantage of not
needing to cut-off the data to find the common interval of the same length of available
data among all companies due to the separate consideration of each company. So it is

possible to take advantage of all available data to make the prediction.

The following are the steps to establish the model:
1. Determination of the values for the parameters that shape the model dynamics:

e m (the state’s length), m™ (collapse critical level) and m* (survival
critical level)
e 1~ (minus transition probability)
e g (the initial probability of being at each of the possible states)
2. Calculation of the Z and Z;,,¢

3. Determination of P~ (model-based collapse probability)

)
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4. Conversion of the closing stock prices to the binary se%tuences of + and - with
respecttom, m~,m* and r~

5. Recognition of all the observed values and counting the number of each
possible state observed ,

6. Computation of the g, (conditional initial probability\ with respect to the
observed record) '

7. Determination of P (conditional collapse probability)

8. Comparison of the P~ and P, to make the prediction

4.2.1 Determination of Model Parameters

Recalling from Section 4.1.2, it is necessary to determine how many previous
local transitions, i.e. pluses and minuses, have an impact on determination of the next
transition. Regarding the available data, which reflect the weekly closing stock price of
each company, and with respect to the fact that the stock markets are very uncertain, it
was decided to consider the four prior transitions as the state’s length, i.e. m = 4, which
means that the transitions over the last month have an influence on the transition to the
next point of time. It should be mentioned that due to the simple structure of the model it
is still possible to test it for different values of m and compare the resﬁlts.

The next parameters that must be selected are m™ and m™. It is assumed that if
the number of minuses, n~, in a state of length m is greater than m™, the next transition
will definitely be a minus; and if the number of pluses in the same state, n*, is more than
m*, the next transition will be a plus. In this research, to avoid having an optimistic or
pessimistic perspective for either side, it was decided that the critical levels for both
collapse and survival would be set equal. In cases where the number of pluses or minuses
in a state are not more that the specified critical level, the probability of having a minus
for the next transition is equal to v~ which was set to be 0.5. Therefore, in an equal
situation, equal chances were given to both pluses and minuses to arise for the next

transitions. From Section 4.1.3, only 7~ is used in operations.
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For the initial probability of the model to be at each of the possible states, i.e. g, it
was decided to give equal chances to all the possible states to appear at the very first state

(uniform probability). The model parameter values are illustrated in Table 4.3

Parameter Value
m 4
m- 3
m* 3
T 0.5
q [0.0625 0.0625 .. 0.0625 0.0625]]x16
Table 4.3 Set parameter value for the experiment

4.2.2 Calculation of the Z and Z;,, s Matrices

Having the values of state’s length, collapse and survival critical levels and the
probability of a minus transition for the next point of time, it is possible to calculate Z
and Z;,; matrices. As described in Section 4.1.3, the number of possible states and
consequently the size of Z and Z;,,; matrices are exponentially correlated with the state’s
length. In this case, the number of possible states is 2* and hence, the size of matrices is

2% x 2%. All the possible states are shown in Table 4.4.

-—l--+]-"—+—-]-—++
-+-—]-+—-+}—-"++—-]—+++
+--—]+-—+}+—-+—-|+—-++
++-—=]++—-+}+++—-)++++

Table 4.4 Possible states for m = 4

‘//)/;/
i
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4.2.3 Model-based Collapsed Probability -

Regarding Equation 4.6, the model based collapse probability was calculated. In
order to do so, a code was developed using Matlab R2008b. The ini;uts for this code are
all the parameters that are determined in Section 4.2.1. The code calculates the Z;, ¢ using
the stated inputs and consequently provides the model-based final inclination of the
system under study, which can be toward collapse or survival. By calculation of P, the
first part of this method was completed. The next step was to calculate the model and

observation-based final inclination of the system.

4.2.4 Conversion of Closing Stock Prices to Binary Sequence

In order to make the observed values (closing stock price time series) readable for
the system, they need to be converted to a binary sequence consisting of pluses and
minuses. This procedure is very important in Inclination Analysis. As stated in Section
4.2.1, the binary model in this case operates with a four-week interval (m = 4). Length of
the observation records can be at most equal to m. In this case, to determine the plus or
minus transition for each week, the closing stock price values during the last four weeks
were considered. First, the total rise and total fall of the closing stock price over the last

four weeks were considered and compared using the following survival condition:

(Average of all stock prices)
N

TR +TF > (4.10)

where TR and TF are the total amount of rise and fall in closing stock prices during the
last four weeks respectively, and N represents the number of total observation records
that can be calculated as

N = No.of stock price values in the time series — (L — 1) (4.11)
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where L represents the observation window length. This procedure was repeated N times
until all the collected data converted to a sequence of pluses and minuses. The concept of

TR and TF is shown in Figure 4.2.

Ly E f"'
E IF =1
A el 1y ! Sl o s el -—)
k k+1 time
Figure 4.2 Transcribing closing stock prices to binary sequence of pluses and

minuses with observation length equal to 4

For determination of the next transition, the moving window of length L, illustrated in
Figure 4.2, moves one week to the right and considers the next four weeks (for example
fromk —2tok + 1).

The time series of observed closing stock price values were intentionally broken
into a number of small windows of past local changes. Every time, a prediction is made
using each observation and the results are compared to the model-based prediction to
decide about the final inclination of the system.

The Equation 4.10 means that if the overall closing stock price fluctuations over
the last four weeks satisfy a certain threshold, the company moves toward survival over
the next week. Obviously, if it does not satisfy that condition, the company moves toward

collapse over the next week. The settled threshold value reveals that, for a company to

0
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survive during certain time periods there needs to be an overall rise at least equal to the
average of its closing stock price over the same period of time.

To convert the collected data to a proper sequence of plusesrénd minuses for each
company another code was developed using Matlab R2008b. The inputs for this code are
the observation length value (L) and the closing stock prices themselves, and the output is
a sequence of pluses and minuses for each company, which is then used as the input to
calculate the conditional collapse probability (P;”). The next step is to establish the values

for g, (conditional initial probability with respect to the observed record). .

4.2.5 Initial Probability Matrix with Respect to Historical
Observations

To calculate the initial probability matrix with respect to an observation, first it is
necessary to consider the length of the observation window. If the length of the
observation window is less than m, one needs to consider the probability of the observed
value occurring, using the probabilities of all possible states within which the observed
- value is contained. For instance, if the observed record is (+ + —), the probability of its
occurrence can be calculated as P, = P_,,_ + P,,,_ . As in this case the observation
window length is equal to the state’s length, i.e. L = m, the observed value will be one of
the 16 possible states. Therefore, one needs to treat the corresponding element of the g,
matrix, that is equal to the observed record, as one and the rest of the elements as zero.
For example, if the observation record is equal to (++—+) then
q.=[0000000000000100]" . It is now possible to calculate the P, i.e. the
conditional probability of collapse for a company. All calculations of g, and P are

completed by another code that is written using Matlab R2008b.
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4.2.6 Comparison of the Results of P"and P~

Although in this thesis the aim is to compare the results achieved from model-
based analysis with model and observation-based analysis to see if a certain company will
collapse or survive, other than the simple comparisons which are described in the final
part of Section 4.1.3, another index is described that is more comprehensive because it
also considers the amount of differentiation between P~and P, . This index is shown by
W as follows:

P~

W= =
B

(4.12)

Hence the comparison statements in 3.2.3 will change to the following:
If W > 1, one claims that the observed g sequence of local changes in the system
increases the probability of collapse in the model. Hence, the model registers an

inclination towards collapse.

If W < 1, one claims that the observed g sequence of local changes in the system
decreases the probability of collapse in the model. Hence, he model registers an inclination

towards survival.

If W = 1, the model registers no inclination, which is relatively rare.

Therefore, there will be a collection of models that can be separated into three
classes: collapse-oriented models (W > 1), survival-oriented models (W < 1) and
neutral models with respect to W = 1. Given the entire collection of models, using the
index W, it is possible to calculate the intensity of collapse or survival for each model by
subtfacting its corresponded W from one. This concept of intensity of collapse or survival

is depicted in Figure 4.3.
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collapse

< survive
0

Figure 4.3

1

2

W

Intensity increases as the differences from 1 increase

P~ (the model-based probability of collapse), needs be to calculated one time;

however, as the observation records are changing at each point of time (week), P,” needs

to be computed every time there is a new observation. Therefore, with respect to Equation

4.11, P must to be calculated N times. To reduce the time and redundancy of the

calculations, P values are calculated for all possible observation types (in our case 16

different observations), and then the associated index W is computed using Equation 4.12

and multiplied by its frequency of occurrence. Finally, the cumulative intensities of

collapse and survival obtained from the entire collection of models are compared with

each other to decide if a company will finally collapse or survive. Table 4.5 indicates the

calculation of final collapse or survival for a sample company.

(Intensity)
Observed Freq. x
Row Index W Difference Frequency
Record Difference
from 1

1 = it 2 1 34 34
2 il 2 2 1 18 18
3 £ I036 - 1 B 4
4 == 0.4 0.6 18 10.8
5 ~irinther 2 1 6 6
6 Sk mhts - 0.6667 0.3333 1 0.3333
7 -+ 4= 0.8 0.2 1 0.2
8 Sy o 2 2 0 1 27 27
9 e 2 1 18 18
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10 dtiimpat 1.2 0.2 5 1

11 rhimideres 1.3333 0.3333 3 0.9999

12 S oo 0 1 10 10

13 M 1.6 0.6 17 10.2

14 e s i o 0 1 11 11

13 +4 4= 0 1 27 27

16 + sk 0 1 S/ 37
Total collapse intensity 92.1999
Total survival intensity 143.3333

Table 4.5 Calculation of collapse/survival intensity for a sample company

survival is more than the total collapse intensity.

Table 4.5 reveals that the company will survive because the total intensity of

All described steps have been followed for 50 dead and 50 active companies from

the Oil and Gas Producers sector. Each company is selected randomly among all

available companies in its category to test the performance of the Inclination Analysis.

4.3 Results and Discussion

The results are shown in Table 4.6.

) Prediction
Category No. of companies Accuracy (%)
Active 50 64%
Dead 50 60%
Table 4.6 Inclination Analysis results for active and dead companies
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The primary reason for conducting such an experiment is basically to create a
warning system for those people who are trading the stocks of a cofnp'any in the market
or even for the business owners to watch the performance of their businesses and avoid a
potential collapse before it is too late. In line with this approach fh‘e data for each
company are collected up to 26 weeks before the current time for active companies and
up to 26 weeks before the actual collapse happens for dead companies.

The above experiment could be conducted for dead companies only to tesi how
accurately the Inclination Analysis can predict a potential collapse for a company because
regarding active companies, there is no way to verify if the prediction is true or false. In
fact, in the above experiment a collapse prediction for an active company would be
considered as a wrong prediction with respect to the fact that is it active rightb now;
however, the same company may become dead the next week, which means the
prediction was right.

On the other hand, if the modelling performance for active companies is not
tested, it is highly possible to end up with a collection of models that are mainly collapse
oriented. Consequently, the Inclination Analysis will show a very high ability to predict
the collapse for dead companies. The risk of predicting collapse for companies that are
active will highly increase. This is, however, in contrast with the primary concern, which
is to develop a warning method for active companies before they actually die. Hence, the
best strategy would be tuning the modelling parameters with respect to the dead
companies and make the prediction for active companies.

As for the parameters, it is possible to estimate more accurate values. In this
experiment an equal chance of 1—16 was given to all the possible states to happen at the

initial period. However, if the dynamic of the local changes can be found, the chance of
occurrence would be given to the states that are more likely to happen with respect to
local changes dynamics. Regarding r~, the model can be tested for different values say,
between 0.1 and 0.9. Also different values of m,m~and m™ can be tested and the results
can be compared to find the best parameters.

In brief, the advantages of this approach are minimum input information, simple

modelling construction, and possibility to be easily tested for various parameter values.
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Chapter 5

Conclusion and Future Studies

Regarding the application of kernel based machine learning, closing stock price
behaviour of companies is modelled using a Gaussian generative probability model. The
weekly values of the closing stock prices are mapped implicitly by application of Fisher
kernel which has shown a high rate of success in dealing with classification problems in
several research studies and a visualization method is proposed to provide an observer the
ability to recognise the active companies from dead ones. The so-called dead companies
can be one of the following types: First, companies that are bankrupted and do not exist
in the market as standalone enterprises. Also there exist those that have merged or are
bought by other companies. These companies cannot be referred to as bankrupted
because they may have had a very successful performance in the market. As this
modelling approach can be used for different systems, depending on the system size and
the prediction horizon, the time scale can be different from daily to yearly or more. For
instance, in dealing with ecosystems or economic systems of countries yearly time scale
seems more reliable.

The objective of this prediction is to provide meaningful feedback to the business
owners or stake holders to identify the problems and start to resolve them. Another
prediction can be made at a later time based on the closing stock price behaviour to see if
any chang\ésr have happc?ned in terms of dealing with the problems in order to change the
final fate of a company from dead to active. Also this prediction can be useful for those

investors that would like to invest in stock markets.
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As stated before, there are many factors that can affect systems. Another
argument is that in order to make a more precise prediction for the future of a system,
other features need to be considered. In this case, for example, sect;)r indices and/or GDP
could be considered as other features used along with closing stock prices for prediction.
However, these features need to be recognised and quantified. This Vv’vill add a cost to the
modelling approach. Although the prediction made in this research is acceptable for the
real values of closing stock prices, it has problems when the level of uncertainty
increases. In fact, there is always a trade off between the model complexity and costs
versus the accuracy of prediction.

For future studies, a Hidden Markov Model can be used as the-generative model
because it considers the correlation of the closing stock price variations from one point in
time to the next. In this thesis the closing stock price data are sorted in such a way that a
common interval for all companies can be used in the experiment. In fact, the collected
data for each company are cut off to have the same length of time series data for all
companies. Fisher kernel has the ability to work with different lengths of data and this is
one of the reasons for choosing the Fisher kernel over other kernel functions. As another
future work, Fisher kernel can be applied on the whole collected data, i.e. time series with
variable lengths, and the results will be compared with what has been done so far. The
principles and application of SVM have been discussed in this thesis. The calculated
Fisher scores can be used as inputs for a support vector classification problem.
Application of SVM for classification will help automate the classification of a cémpany
as likely to collapse or not.

As described, Inclination Analysis is a rather different method based on the
stochastic processes. The structure of the model is very simple and it can apply in
situations where there are not enough data available about the system under study such as
complex systems. However, the performance of this method greatly depends on the
parameter tuning phase. One of the most important parts of the modelling in this
approach is to transcribe the collected data into a binary sequence of pluses and minuses.
The more accurate this part is completed, the more accurate the result will be.
Improvement in prediction accuracy from 50 percent to 60 percent at this early stage of

development is acceptable due to complex nature of stock market behaviour. However,
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there are some potential features, such as Sector Indices or GDP, which can be used to
develop the appropriate threshold which is used for identifying the local changes towards
collapse or survival.

In the Inclination Analysis method, the data that are used for prediction are cut off
for the last twenty-six weeks. In fact, the model uses the data up to some point of time to
make a prediction for the next twenty-six weeks. This time (around 6 months) may not be
appropriate for all the companies. For the larger enterprises, one needs to provide the
feedback well ahead of time compared to the smaller ones. However, in this research the
aim was to test whether or not it is possible to make a prediction about the future of a
company before it happens. Due to the fact that this modelling approach use the data
belonging to each system separately, it is possible customise each model based on
specific features of the corresponding system.

Considerations for future studies include the possibility of applying Support
Vector Classification methods on the data in order to obtain the most accurate sequence
of plus and minus sequence. Also, regarding the parameter tuning, finding a way to
determine the optimum state length m with respect to specific applications should be

considered.
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Appendix A

Support Vector Machines

A.1.  Overview of Support Vector Machines

Support Vector Machines (SVM) is a method that is used to train a machine in
order to recognise possible patterns in a system. The training makes use of a set of
examples consisting of only input and output data in cases where no human expert is able
to extract and model the system dynamics or where the system under investigation is
changing too fast, like a stock market. Despite some drawbacks of this learning
methodology such as having access to a very limited number of examples of the system
under study, SVM has been used in a wide variety of applications such as [24], [25], [26],

[27] in only a few years since its introduction by Vapnik and co-workers [28], [13]
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because of its ability to address many of the problems at hand. These applications can be

divided into two main categories:
e (lassification

e Regression

Because this research is involved with a classification experiment, the focus in

what follows is only on the classification application of SVM.

A.2. SVM for classification

In Section 3.1.1, the case where the training data are linearly separable is
discussed. However, there are times when the classes of data are not linearly separable, as

shown in Figure A.1. This is the case in most real world problems.
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A.l. Training data which are not linearly separable

As mentioned before, SVM is one of the famous tools for classification problems.

There are two approaches to generalising the problem to non-linearly separable case,
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which are dependent upon prior knowledge of the problem and an estimate of the noise

on the data:
e Soft Margin Linear hyperplane
e Non-Linear Separating hyperplane

A.2.1. The Generalised Optimal Linear Separating Hyperplane

Other than maximal-margin method, in the case where it is expected (or possibly
even known) that a linear hyperplane can correctly separate the data, a method of
introducing an additional cost function associated with misclassification is appropriate

and is called Soft Margin (Figure A.2).

A n
misclassified
o
@
°
A2 Soft Margin method where & is the slack variable
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In fact, the soft margin method is the approach that helps to separate the data

linearly by allowing non-negative variables, {; > 0, and a penalty function,
EEO=)¢ >0 (A1)
i

where &; is a measure of the misclassification errors. The optimisation problem is now
posed so as to minimise the classification error as well as minimising the bound on the
VC dimension of the classifier by actually minimising the norm ||w||. The constraints of

Equation 3.4 are modified for the non-separable case to

yl[(erL)+b] 2 1—51,' l=1;;l (AZ)
where &; > 0. The generalised optimal separating hyperplane is determined by the vector

w, that minimises the functional,
1
0,8 =5 llwl?+C Y & (a3)
i

where C is a given value subject to the constraints of Equation A.2. The solution to the
optimization problem of Equation A.3 under the constraints of Equation A.2 is given by

the saddle point of the Lagrangian (Minoux, 1986),

4

l
1
O basf) =502 +C ) &= ) aOilo™+bl-1+E)= D f& (A4
i =1

=1

where a, f are the Lagrange multipliers. The Lagrangian has to be minimised with
respect to w,b, X and maximised with respect to a, B. As before, classical Lagrangian
duality enables the primal problem, Equation A .4, to be transformed to its dual problem.

The dual problem is given by

max W(a,p) = max (g}gg ?(w,b,a,¢, ﬂ)) (A.5)

The minimum with respect to w, b and ¢ of the Lagrangian, @, is given by,
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Hence, from Equations A.4, A.5 and A.6, the dual problem is,

I
1
max W(a) = max —EZZ a;a;y;yi{Xi, X;) + z Q.

and therefore the solution to the problem is given by,
l

Lol
1
a* =arg mm—z-zz a;a;y;¥i{ X, X;) —Z 497

i=1 J:l k=1

with constraints,

1

2“]3’1':0

j=1

(A.6)

(A.7)

(4.8)

(A.9)

The solution to this minimization problem is identical to the separable case except

for a modification of the bounds of the Lagrange multipliers. C can be directly related to

a regularization parameter (Girosi, 1997; Smola and Scholkopf, 1998). Blanz et al. (1996)

use a value of C = 5, but ultimately C must be chosen to reflect the knowledge of the

noise on the data.
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A.2.2. The Generalised Optimal Non-Linear Separating
Hyperplane

Subsequently, another way was suggested by Boser et al [29], in order to create
non-linear classifiers. In the case where a linear boundary is inappropriate, the data from
the input space can be transformed to a higher space called Feature Space that is

generally of a higher dimension.

The reasons for this transformation are:
e Linear operation in the Feature space is equivalent to non-linear operation
in the input space

e (lassification can become easier with a proper transformation.

By choosing a non-linear mapping a priori, the SVM constructs an optimal
separating hyperplane in this higher dimensional space. However, computation in the
feature space can be costly because it is high dimensional (the feature space is typically
infinite-dimensional). With respect to the optimization problem, the data points only
appear as inner product. Therefore, a kernel function can be used so that there is no need
to map data explicitly into the feature space.

Many kernel functions have been introduced, and it is possible to design kernels
depending on the nature of the system nonlinearities and dynamics

Using the kernel function, the solution to the optimization problem of Equation

A.7, i.e. Equation A.8, becomes,

1
o” = argmin Ez

l 1
i=1j=1

l
a'iajyiyjK(Xi,Xj) - z (245 (A 10)
k=1

where K (Xi,XJ-) is the kernel function performing the non-linear mapping into feature
space, and the constraints are unchanged,
0<g;<C i=1,..,1

l

=1
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Solving Equation A.10 with constraints Equation A.11 determines the Lagrange
multipliers, and a hard classifier implementing the optimal separating hyperplane in the

feature space is given by,

fX) = sgn( z a;yiK(X;, X) + b) (A.12)

ieSV s
where
1

(@",X) = ) ayiK (X, X)
i=1

l

1
b* = — 5 a;y; [K(X;, X,) + K(X;, X, )] (A.13)
J=1

The bias is computed here using two support vectors, but can be computed using
all the SV on the margin for stability.

The obvious question that arises is that, with so many different mappings to
choose from, which is the best for a particular problem? This is not a new question, but
with the inclusion of many mappings within one framework it is easier to make a

comparison.
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