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Abstract

Abstract

Most real-world time series data is produced by gem systems. For example, the economy is a
social system which produces time series of stdo&ads, and foreign exchange rates whereas
the human body is a biological system which produtee series of heart rate variations, brain
activity, and rate of blood circulation. Complexsggms exhibit great variety and complexity and
so does the time series emanating from these systdowever, universal principles and tools
seem to govern our understanding of highly complesnomena, processes, and dynamics. It has
been argued that one of the universal propertiepoiplex systems and time series produced by
complex systems is ‘scaling’. The multiscale wavelealysis shows promise to systematically
elucidate complex dynamics in time series data aious timescales. In this research we
investigate whether the wavelet analysis can bd asea universal tool to study the universal
property of scaling in complex systems. We haveettped and evaluated a wavelet time series
analysis framework for automatically assessingstiage and behaviour of complex systems such
as the economy and the human body. Our resultgg@od and support the hypothesis that
‘scaling’ is indeed a universal property of compégstems and that the wavelet analysis can be
used as a universal tool to study it. We conclinde & system based on universal principles (e.g.
‘scaling’) and tools (e.g. wavelet analysis) is motly robust but also renders itself useful in

diverse environments.

Key words: Complex systems, scaling, time series aisalysvelet analysis.

Email: s.ahmad@surrey.ac.uk
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Chapter 1

1 Introduction

Signal processing has become an integral partroémuscientific and technological activity. The
signals that need to be processed exist in almbstams of modern life. Signal processing is
used in myriad fields like telecommunications, sramsion and analysis of satellite images and
medical imaging [92], [96], [159] — to name justfew. Many of these require analysis,
transmission and synthesis of complex time sefies.record of a stock price is a signal as is the

record of temperature readings that could facditae study of global warming.

Most real-world signals are produced by complexesys. For example, the economy is a social
system that produces time series of stocks, banoleency rates and so on. Similarly, the human
body is a biological system that produces signalke lelectrocardiograms (ECGSs),
electroencephalogram&EGS), and rate of respiration. Real data tengetextremely irregular.
The somewhat common characteristics of real-wonhe tseries produced by social, biological,
and physical systems are: (1) the data producetidse systems is immense, that is the data we
encounter ihigh-frequency(2) the data does not follow well-establishecbtieéical phenomena,
that is the data may exhibit intricate phenomeke fime varying volatility, nonstationarity, time
changing probability distributions, long memorydadiscontinuities; (3joise as a result of the
artefact of the recording mechanism or other remsonld contaminate the data; and finally, (4)
the data may not even be strictly in the form dinae series which is defined as a series of
measurements agually-spacedntervals of time. According to Yves Meyer, suéhgnsls often
look like “complicated arabesques” [107] — tantalig curves that contain all the information

about thestate of a systeiput conceal it from our comprehension.

In such a scenario, the search for useful analytbcds is paramount. Key issues that the putative
analyst or system designer must consider are nobsstof procedure to erroneous assumptions,
the ability to handle complex relationships, andtsgacity and simplicity of implementation.
With this background, the potential promised by thavelet multiscale analysis is readily
apparent. While wavelets do not meet all the g¢aterquired to assess the state and behaviour of
complex systems, they meet some of them suffigiemdlll to indicate that they may well be able
to provide new and better insights into the analg$icomplex time series data produced by these

systems.

One of the key benefits of a wavelet approach matyeing complex time series is their flexibility
in handling very irregular data series [34]. Gitka complexity of real-world data, the ability of
the wavelet transform to represent highly complexctures without knowing the underlying
functional form is of great benefit in time seri@salysis research. Another important property

that wavelets possess is that of being able tagalgdocatediscontinuitiesandisolated shocko
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the system. Furthermore, the wavelet represent&iable to deal well with the nonstationarity
and stochasticity of complex signals by providingnaltiscale characterization of the local

dynamics of these signals.

A standard assumption in traditional time serieslymis is that the sign(t) is smoothwhile the
innovations gt) areirregular. A natural first approach of extracting the sigf@ from the
observed signay(t) = f(t) + &t), is by locally smoothing/(t). However, if a signal is more
irregular than thenoise such a procedure may no longer provide a usgfofcximation of the
signal. The process smoothingo remove the contamination mbisemay distort the appearance
of the original signal. If the noise is below adsinold and the signal variation is well above the
threshold then isolation of the signal from the seoicomponent is possible by selectively

shrinking the wavelet coefficient estimates [38B][

Perhaps, the most important property of wavelatafalyzing complex time series is their ability
to decompose a signal onsaale-by-scaléasis. Most social, biological, and physical syste
contain variables that operate on a variety of sicaées simultaneously so that the relationships
between variables may well differ across timescalbe property oécaling(also known as ‘self-
organized complexity’) in complex systems isumiversal property[140], [153]. A detailed
discussion on scaling in complex systems is praviteChapter 2. The wavelet analysis shows
promise to systematically elucidate complex dynanmdime series data at various timescales. In
other words, the wavelet analysis can be regardedvarsal toolto study theuniversal property

of scalingin complex systems. Universal tools and pringp{properties) are important in
developing robust autonomous systems that can wellkin uncertain and diverse environments.
In this research we investigate whether it is f@edio develop a robust autonomous system for

time series analysis, based on universal princighestools.

1.1 Aims

The major aim of this research is to develop aoraatic procedure for analyzing complex time
serial data. We have attempted to develop a preeeloly taking into account three important
aspects. First, the procedure should be basedsopeaaior analytical method that can provide time
series analysis without human assistance. Secomsthould be based on insights derived from
research in complex systems, time series analgsaistics, and artificial intelligence (Al).
Finally, it should have the robustness and capgliti analyze signals across different domains.
The research question we would like to addreshiss is it possible to build a system that can
automatically analyze time series produced by wemi@omplex systems®/e will examine
whetherscaling actually exists as a universal property in com@gstems. We will experiment

with a variety of wavelet filtering methods to ddish whether universal automatic procedures
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may be used to analyze complex time series in ¥ardmmains quickly, cheaply, and without the
need of human intervention. We will also study haw effective analysis of time series

emanating from complex systems can throw lighthenstate and behaviour of these systems.
To sum up, the specific aims of the present ingatitn are:

a) Experimentation with various complex time set@gxamine whether scaling is actually

a universal property of these time series and syste

b) Experimentation with a variety of wavelet filtgy methods for analyzing univariate and
multivariate time series data from different donsaim determine the usefulness of

wavelets as a universal tool for analyzing compigstems.

c) A computer implementation or the developmena @favelet framework that can be used
for analyzing complex time series data across warisocial, biological, and physical

systems.

1.2 Contributions

The major contribution of this research is the dgment of a robust interdisciplinary time series
analysis system based on universal propertiesirigdadnd tools (wavelet analysis). Figure 1.1
summarizes the approach and philosophy for devedoan interdisciplinary time series analysis

system.
Objective Scenario Universal
Ol Time series Property Universal Tool Robust
Series Analysi ::) Produced by :> Scaling or ‘Sel ::) Wavelet Imﬁglesgzlrlir;in
& Complex Organized Analysis ;
. p it Analysis
Summarization Systems Complexity ayatom

Figure 1.1 Approach and philosophy for developing an integigiinary time series analysis system.

This research claims to make the following speafiatributions to the field of automatic time

series analysis and atrtificial intelligence (Al):

1. It supports the hypothesis that scaling is iddeeuniversal property of time series
produced by complex systems, and that wavelet sisatan be used as a universal tool to

analyze these time series.

2. In addition, it supports the hypothesis thatdbeomposition of complex time series need
not be based only on arbitrary criteria such & fiifferencing to remove the trend or a

twelfth differencing to remove the seasonal compbnEhe wavelet analysis can provide
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a systematic (formal) and unique decomposition tmascale basis to elucidate complex
dynamics. Furthermore, the wavelet decompositionbeacarried out automatically.

3. The development of a robust interdisciplinarynei series analysis system which
complements the role of subjective judgement, cesitd time, in univariate and

multivariate time series analysis.

In Appendix C1 provide details of papers that | have authaed co-authored in peer-reviewed
conference proceedings and professional magazinesgdthe course of this research. | also
provide details of the research projects that lehaworked on and other related professional
activities Appendix Q.

1.3 Thesis Outline

This thesis is organized into five chapters. Thiapter (Chapter 1) gives a general overview of
our research into analyzing high-frequency compilee serial data, especially in the presence of
noise. In this chapter we also discuss the mairs aimd contributions of our research.

Chapter 2 establishes the concept of complex sgsterd how various time series analyses can
help us study the behaviour of these systems. @heept of ‘universal scaling’ or ‘self-organized
complexity’ in complex systems is explained in det& variety of univariate and multivariate

time series analysis methods are reviewed and stiscu

In Chapter 3, we provide a detailed mathematicalamation of wavelet filtering and wavelet-
based analysis of variance (ANOVA) and covariai8pecific examples are considered to throw
light on each wavelet-based analysis and statisti@lly, in Chapter 3, the problem of analyzing

complex time series data is formulated.

Chapter 4 introduces the system architecture, eptathe detailed functionality of each module
with relevant examples. Algorithms are presentesutmmarize the functionality of each module.
Three case studies are performed to examine fiaeaod medical data. This is followed by
details of how our system was evaluated.

In Chapter 5 we present a discussion on the outadroar research. We conclude Chapter 5 with
a general assessment of the achievement of theseinfigrth in Chapter 1, and consider directions

for future work.
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2 Motivation

In this chapter, we introduce the concept of commgstems and how various time series
analyses can help us study the behaviour of sustkereg. Many of the systems that we see around
us are complex — for example, social, biologicapbysical systems. Most, if not all, scientific
inquiry aims to understand the properties of thesgems. Although complex systems exhibit
enormous complexity and variety, universal laws goltenomena seem to govern our
understanding of their behaviour [7]. Complex syseonsist of elements or parts that interact in
a certain manner to result in formations. For eXampside proteins, amino acids interact
through bonds to form protein foldings; in the reers system, neurons interact through synapses
to form learning; and in an economy, human beinggeract through communication,

confrontation, and cooperation to form economidavon.

The Oxford English dictionary defines complex asrisisting of interconnected parts or involved
particulars.” The behaviour of a complex systenniterently dependent on its parts. However,
this is not the case in simple systems — thougly the are formed out of parts. The terms
“interconnected” or “interwoven” are vital for d#fentiating between complex systems and
simple systems. To understand the behaviour @ingptex system, it is important to understand
not only the behaviour of the parts but also hogvghrts act together to form the behaviour of the
whole [52]. What makes a complex system difficalt understand is the fact that we cannot
describe the system without describing each opatds and the relationship of each part to the
other parts. Some examples of complex systems @rergments, families, the human body —
physiological perspective, a person — psychosqeaspective, the brain, the ecosystem of the
world, weather, a corporation, and a computer. Bndther hand, a few examples of simple

systems are an oscillator, a pendulum, a spinnimgely and an orbiting planet.

The generic concept of “scaling” is important irderstanding the behaviour of complex systems.
From the discussion so far, we can intuitively Hat parts or elements of a complex system are
complex systems themselves. That is when the padssystem are complex then the collection

of the parts (the system) would also be complexvéier, this may not always be the case.

Consider a complex system formed out of atomsekample, the solid-liquid-gas transitions in
condensed matter physics. The system itself is ot the elements (atoms) that constitute it
are simple systems. This is an important notiorvkn@asemergent complexity many simple

parts interact in a particular manner to give tisa collective complex behaviour.

Conversely, we can also describe systems whose parlements are complex but the system
itself is simple. The earth’s revolution around sue comprises a simple system although several
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complex systems exist on the earth. This is thenatf emergent simplicity a system composed
of complex parts where the collective behavioisitigple. This example illustrates the concept of
“scaling” in complex systems. The system may behiava complex manner on a smaller scale

but on a larger scale, all the complex details matybe relevant.

Articulating the behaviour of complex systems mathagcally or quantitatively is crucial for
understanding the universal properties of thestesys For the past several years, concentrated
research in specialized fields has somewhat isbiadividual disciplines of science. However, a
computer scientist or a system designer must lawkuhiversal properties valid over many
domains. Is it possible that disparate fields hikelecular biology and economics be studied in a
unified framework as one discipline? This is polssibwe can adapt concepts from the field of
complex systems for studying these disciplines. flddd of complex systems breaks the barriers
across traditional disciplines of science, engimggrmanagement, and medicine by studying
universal principles. Universal principles and toguide and simplify the study of various
complex systems that surround us — complex systemesepts provide a systematic guidance to
approach many different problems. These conceptspanciples are important for a computer

scientist to develop robust autonomous systemarfalyzing a range of complex systems.

2.1 Universal ‘Scaling’ in Complex Systems

Complex systems comprise elements or subunitsitbetact dynamically to result in complex
behaviour. However, thisomplexitygives rise to a kind afiniversalitythat helps and guides the
study of these systems. An important universal @riypof complex systems is “scaling”, which

has implications quite contrary to traditional Newian physics and calculus.

According to the physics of Newton and the relatedicepts of calculus, physical systems
become simple, smooth and without detail at smaliet smaller (spatial and temporal) scales.
This is true in the sense that though fine scalectire of planets, materials and atoms is not
without detail, for many problems, such detail bees irrelevant at the larger scale. Since the
fine scale details are irrelevant, it is justifiedformulate theories that assume that these detail

not exist.

However, in complex systems theory, the conceprofressive smoothness on finer scales is not
always a useful mathematical assumption — the $owe details do matter. This introduces an
important change in perspective from which we apphahe study of various physical, social and
biological systems. The concept of progressivelyeasing structure on finer and finer length
scales leads us to the notion of fractals. Fraedsdefined as geometric objects whose spatial

structure is self-similar. This means that theditiee on the coarsest scale is repeated on finer



Chapter 2

length scales — by magnifying one part of the dbjee find the same structure as that of the

original object.

A pictorial representation of the characteristitsamplex systems is shown in Figure 2.1 [110].
The dynamically interacting components of the systgve rise to a humber of scales and the
components have similar shape (behaviour) at eeale.sEven though the system is complex
there is universality with regards to the scalelewels. This universal scaling in complex systems

has also been termed as “self-organized compleiki#0], [153].

Characteristics of Complex Systems

A ‘complex’ system

Emergent behaviour that cannot be
simply inferred from the behaviour of
the components

Emergence

Complex Systems

Involve:

Many Hi hi ]
Components ierarchies —
5| Self-Organization | -
. QY @ ‘ ' ‘ ' 29 @ | Control Structures | ]
Dynamiically —
Interacting =
o Composites ]

and giving rise to |

Tyt e g T Tl
Size Scale

— Substructure

ﬁ NUImbET of : - L= Decomposability
evels or
Scales _A A ‘simple’ _J —
. o system Transdisciplinary Concepts
TAIER Gl Across Types of Systems
Common Across Scales, and thus
Behaviours Across Disciplines

Figure 2.1A schematic diagram showing the characteristiamafiplex system#dapted from NECSI:
WWW.Necsi.org
Let a phenomenon be described fbgk) which is some function of the scake According to
Newtonian Physics, if there is a well defined léngtale at which a particular effect occurs, then

for longer length scales, the functib(x) would typically decay exponentially,

f (x) e 2.1
This implies that the characteristic scale at whitbis property disappears s However,
according to complex systems theory, a system pipjrelevant over a large range of length
scales, and hence it must follow a power law behaviather than an exponential behaviour,

f(X) 5. 2.2

A function that follows a power-law behaviour defthby Eq (2.2), can also be characterized by

the scaling rule,
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f (Zx) 72 (X). 2.3
This implies that if we characterize the systenoaoe scale, then on a scale that is larger by the
factor Z it has a similar appearance, but scaled by therf&’, wherea is called the scaling
exponent. Notably, as opposed to the behaviounaéx@onential, for a power law, there is no

particular length at which a system property disapp.

A real-world example of universal scaling or setfjanized complexity in complex systems is the
frequency-size distribution of earthquakes. Thelmaasm of earthquakes is certainly a complex

phenomenon yet it universally satisfies the retgtio

N 7S™, 2.4
whereN is the number of earthquakes in a specified timerval and region with their rupture
area greater tha® We note that Eq (2.4) is similar to Eq (2.2) ashdws a power law behaviour
between the number of earthquakes and their rupi@@ the scaling exponent -b of Eq (2.4) is
analogous to the scaling exponerf Eq (2.2). This is known as the famous Guttersiinter
relation [65]. Other examples of universal scalcan be found in a number of time series
originating in physical, biological and social sysis. A time series is said to be persistent if its
autocorrelation function does not decay at a defiity fast rate, that is, a time series in which
adjacent values are positively correlated. Oneagur for quantifying persistence in a time series
is to carry out a wavelet based analysis of vagatfcthe wavelet varianc®/, has a power law

dependence on the filter width (timescalg)

v o, 25
a time series is said to be a seffine fractal [149]. The termaffine means a function with a
constant slope but it distinguishes itself frontireear function by the fact that it may have a
nonzero value when the independent variables aie Eor example, y = 2x ifinear in X,
whereas y = 2x + 7 is aaffine function of x. A more detailed discussion on swgland power

law behaviour is provided in Section 2.2.5.

2.2 Univariate Time Series Analysis

The starting point for the study of complex systeimisan understanding of the dynamical
processes that constitute such systems. Most dgahmiocesses within complex systems are
time dependent: an example from biology would kevriation in heart rate over time whereas
an example from economics would be the change envHiue of a stock price over time. A
complex system is characterized by patterns ofatiari over time which contain valuable
information about the overall state of the syst&i®3d]. Therefore, an effective analysis of time

series emanating from complex systems can giveitas imsights into the present and future
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behaviour of these systems. The analysis of pattgwariation over time or time series analysis
is performed on a series of data collected contislyoor semi-continuously over time. For
example, financial tick data, reported at irregutaervals of time may be rendered as a time
series of equally spaced intervals by employingreypate compressiortechniques [33], [54].
Similarly, a heart rate tracing, popularly knownaaselectrocardiogram (ECG), may be converted

to a time series of intervals between consecutdattbeats [152].

Time series analysis can be broadly classifiedrgatiate time series analysis and multivariate
time series analysis. As the names suggest, uateaime series analysis deals with the study of
a single series of observations recorded sequigntiatr time. It is assumed that other co-existing
time series do not affect the behaviour of the tsmees or the system under study. On the other
hand, multivariate time series analysis deals with simultaneous study of two or more
concurrently recorded series. It is assumed thtems of variation in one time series affect the
patterns of variations in the other series and-vamsa or the system as a whole. In multivariate
analysis, the knowledge of the covariance of twmore time series is incorporated in the models
built for studying various systems. It is interagtito note here that carrying out a univariate or
multivariate analysis is the choice of the anafyrel his assumptions about the system and series
in question. For example, an analyst who is stuglyieart rate variations alone is carrying out a
univariate analysis although there could be otheomdings that might affect the heart-rate series
and vice versa, for example, body temperature &atlipressure. This again brings up the notion
of complex systems where dynamical processes &a ofterdependent. Therefore, multivariate

analysis might generally prove more useful in thalygsis of complex systems.

In this section, we will discuss various univariéitee series analyses ranging from very simple
and ad hocreal world techniques to the more complicated yditally and empirically well
grounded techniques. In the next section we witdss some multivariate time series analysis

methods.

2.2.1 Real World Techniques

Real-world techniques for time series analysis aigepstand-alone systems and web-based
services that are available to a wide group ofgjsarabling them to manage time serial data and
to perform various kinds of analyses on the datastMf these systems and services operate in
the financial domain and provide a range of finahtiformation and analysis methods. Some of
the analyses afforded by these systems are automshiie others are carried out manually by

experts and then presented to users.

A typical example of a stand-alone system is thet&s Kobra cross market display application
[129]. This application integrates and combinesrie consistent environment both numeric and
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textual financial data. Key automatic features gufRrs Kobra include Real-Time News, Real-
Time Graphs, Reuters Adfin Analytics like Moving érages, Bollinger Bands, and Volatility

Calculations amongst many others. Then there amuahdools which can be used to better
visualize and study a given time series. The uaerdraw trendlines, price channels, and support

and resistance corridors to study stock price maves

A screenshot of Reuters Kobra is shown in Figu2e &s we can see there are four objects inside
the main screen (the user can insert as many skgsdhe likes). Two of the objects are graphics
which show fluctuations in the British Pound to D8llar exchange rate and the volume traded
for the same. The user can visualize an instrutiret series as a bar-chart, a candlestick chart or
as a line plot. The third object is textual datamely financial news headlines. The user can
double click on the news headline of his interestdad the full story. The fourth object is
fundamental data that gives information about iestiike a company’s turnover, dividends, and
P/E ratios.

*| Streaming
news texts

Streaming time
series (bar |
plot) for GBP-
UsD

Streaming

Streaming
volume traded
for GBP-USD

Figure 2.2Screenshot of the Reuters Kobra interface for magaand visualizing financial Information
(GBP: British Pound, USD: US Dollar

A system like the Reuters Kobra is very usefulghacticing traders as it provides them with real-
time information (both financial news and time sesrilata) along with the necessary analytics that

enables them to react immediately to market eveamishence make astute trading decisions.

Web-based services for time series analysis areergiy provided by various research
consultancies, newspapers, and other agenciefahkaus search engines. In financial sections of
newspapers we often come across a news storyathatabout the performance of the market and
shows a time series as a “picture illustration”cepanying the text. An excerpt from Financial
Times online is shown in Figure 2.3 [47]. The pietilustration shows the Dow Jones Industrial
Average (DJIA) and the FTSE 100 time series while accompanying headline and text talk
about the performance of Wall Street. The chart been marked up with a vertical line ‘T’

-10-
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indicating a structural break (variance change)aint on the Dow Jones time series after which
the market showed a downtrend. The accompanyiriglescribes the downtrend and the possible
reason for it (highlighted yellow in Figure 2.3).

Hawkish Fed talk brings down Wall Street

By Andrei Postelnicu and Steve Johnson in New York
Published: October 7 2005 14:01 | Last updated: October 7 2005 22:07

Wall Street ended the week broadly lower

DJIA 1-Hinute == with the bulls corralled by persistently

FTSEL 00 +. 00w .
- hawkish comments from Federal Reserve

bankers.

a0y of monetary policy started the week on life

agw  Support and ended it dead and buried after

B several Fed officials reaffirmed the US central
T ’ bank’s determination to keep price pressures

24 PH in check.

+
+
+1. 25 Hopes that the Fed might pause its tightening
0
0
0

Economic data either reflected outright price pressures or showed that the
economy was growing fast enough to encourage the Fed to raise rates
further.

Figure 2.3Excerpt from Financial Times online.

Such an analysis seems to have been carried outathaby financial experts. The FSTE 100
time series has been plotted below the DJIA tolifatgd a visual comparison between the
performances of the two indices. Moreover, theratdis of the chart show percentage changes in
the value of the indices rather than their trueiesl

Yahoo® Finance, quite like the Reuters Kobra appiin discussed earlier, offers a whole range
of financial data and technical analysis tools tizat be invoked from a web interface [164].

NASDAQ COMPOSITE (NasdagSc) Edit

Range: 1d 5d 3m Bm 1y 2y 5y max ~ Type: Bar | Line | Cdl Scale: Linear |Log  Size: M| L

Indicators: MACD | MEI | ROC | BSI | Slow Stoch | Fast Stoch | Yol | Yol+bds | WS%SE

Cverlays: Bollinger Bands | Parabolic SAR | Splits | Yolume

Compare: af|c vs O =&k [ Masdag [ Dow

as of  7-0ct-2005
T

2300 T T T T
B_TXIC
ZEO0
2100
000
1900 | T
.|i.|||l'I f
1500
Nowod Jangd Marod Mayos Julod Sepod
Copuright 2005 Yahoo! Inc. http: A Finance .yahoo .com/

Figure 2.4Yahoo® Finance web interface for technical analysis
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A screenshot of the Yahoo® Finance web interfacghwvn in Figure 2.4. The chart shows the
NASDAQ composite index in blue and its volume tihds a bar plot below it. The grey plots are
the famous Bollinger Bands whose bandwidth is asweaof market volatility [17]. All the

technical analysis methods available are nicely ¢ait above the chart and the user can click on

any of them to carry out the desired analysis.

Yahoo® Finance also provides an analysis knownMerKet Overview”, which comprises two
sections, namely Market Summary and Market Updbéd]] An excerpt from Yahoo® Finance
Market Overview is shown in Figure 2.5.

Market Summary Market Update I My ool
Nazdag 13-Oec J:iddpm C(CHY¥ahoo! 3:25PM: The market's majors continue to run in placehas t
Z2ya T T T T T T T T absence of a catalyst to excite either buyersl@rsédas stunted
2ET0 afternoon action ahead of the weekend. Separaitelyhug.
sops L consumer credit report was released at the topeoiour - checking

in at $4.9 bin vs. the $5.0 bln consensus estinaaséght increase
over July's $4.4 bin. Since the data are subjectassive revisions,

s L
PR M and because they are released well after every ctimsumer

10:aml 'j_zlpm' Ime — 4IF]|'|'| spending indicator, the market has basically igddhe report and

Dow 13-Oec 3:ddpm CCIYahoo! appears poised to close within the session's igitytrading range.
10800 [T ' ' ' ' ' 3:00PM: Market still confined to a tight range heading ittte final
10850 F _ hour of trading... The market's holding pattern lesn further
evidenced in the A/D line, as advancers on the N¥SENASDAQ
L0 - _ hold a slim 17 to 13 advantage over decliners wthigeratio of up to
et down volume also paints a similarly neutral standdeanwhile, the
10750 : M. P R Dow, S&P and NASDAQ continue to trade above insiapport but
10am 12pm 2pm dpm modest buying interest leaves in question whetheobresistance
levels of 10310, 1195 and 2093, respectively, @n b
Dow 10,202.31 | +5.21 | (+0.05%) breached...NYSE Adv/Dec 1786/1395, NASDAQ Adv/Dec
Nasdag 209035 | +6.27 | (+0.30%) 1702/1331
S &P 500 1,195.90 +4.41 | (+0.37%) 2:30PM: Little changed since the last update as the majrages
still hover around the unchanged mark... Whilearsdike Energy
10-YrBond 4361 005 | (0.11%) and Utilities - the year's best performing sechyréar with
NYSE Volume 2,086,042,000 respective gains of 29% and 15% - remain two ofiés biggest
standouts, Materials and Industrials, which haveetd in two of the
hatsuas Yolune 144,781,000 year's worst performances with respective lossd9 a6 and 5.2%,

have also faired well amid some bargain huntingresffollowing
four consecutive market downturns...
more...

Figure 2.5An Excerpt from Yahoo® Finance Market Overview.

The Market Summary section displays real-time gsaph major markets marked up with

technical analysis indicators like major changeafsiand support and resistance lines. This
section also displays the latest values of majstruments along with the changes from the
previous values. The Market Update section prevadéve technical analysis commentary about
the fluctuations in the market graphs displayed eunthe Market Summary section. The

commentary describes where in time major fluctueti@occurred and discusses the possible
reasons for these fluctuations. The commentaxy @edicts future market movements based on
technical analysis carried out on the charts aheroinformation like the release of consumer

credit reports.
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The Market Summary section in Figure 2.5 shows serges plots for NASDAQ and Dow Jones
from 10:00 AM to 4:00 PM. The Market Update sectstrows a time indexed commentary about
the movements in the NASDAQ and Dow Jones timeeseriThe user can click on a “More” link
to read commentaries going back to 10:00 AM, thenom time of the markets for the day.
Again, such an analysis seems to be carried outiafigrby technical analysts and published on

the web as and when events unfold in the markegplac

Market technical analysis columnist Dale Woodsoedgor of Woodson Wave Report, a web-
based market-timing newsletter. Woodson Wave Rejerttifies turning point targets in the
Dow, NASDAQ, and S&P 500 index as well as the band gold markets using Elliott Wave
analysis and Fibonacci ratios [163].

% Analysis: Fibonacci
12000 Inference: Turning Point T : |

Analysis: Fibonacci
_ Inference: Turning Point

11800

Analysis: Fibonacci
Inference: Turning Point
12400 Y4 H-----L---4} - T ===~

11600

11200 W—Afrtr———F——|yl@@ T+ ——"—"~—"~—~"~—"+-—————

11000

10800

10600

10400 - - — — it} 5 -- - — |+ - 4 - B - - - -

\
— Analysis: Shape !
Inference: Turning Point

10200

10000

Analysis: Fibonacci
Inference: Turning Point

9800
e __—

Analysis: Fibonacci
Inference: Turning Point

Analysis: Fibonacci
Inference: Turning Point

Jul-00

Sep-00 [~ ————

May-00

Figure 2.6 Excerpt from Woodson Wave Report on Dow Jones 6002

Since publishing the newsletter online in 1998, \smn Wave Report has been downloaded in
twenty-five different countries. Figure 2.6 shows example of the Woodson Wave Report on
Dow Jones Industrial Average for the year 2000. i&er, when presented with such a labelling
can quickly focus attention on the relevant posiar the graph and draw inferences about the
original data. Such an analysis can be termed asvlikdge based NLG (natural language
generation) labelling to summarize features ofrggein a financial time series. The knowledge-
based analysis involves the use of Fibonacci raius Elliot wave theory to identify turning

points while the NLG labelling involves the “marghup” of key features on the time series graph
as shown in Figure 2.6. In Figure 2.6, we just shioavturning points identified and the analysis
used. However, the actual NLG labelling containgglsubjective descriptions about the turning
points identified. An example of such descriptioncan be found at
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http://www.woodsonwave.com/keys.htmITherefore, this analysis seems to be carriedbgut
hand.

A similar labelling of financial time serial data shown in Figure 2.7. MarketVolume™ provides
volume-based technical analysis of major stock etaridices [101]. Apart from generating real
time “Buy/Sell” recommendations, MarketVolume™ algmvides information relating to the

trend of the market.

- 58P 500 Indesx (30-day)  _Tew - 1-day WA - ]
- . = - Trend Lines
w - Modul sted volurne A - 20-day VMR —
6N b 1,611
A
M S | L 1,502
) Mo
280 , b 1,573
3 | A: Buy Calls Wh'
\ | B: Sell Calls_|
2. — L 1,554
IM Resstive
- r‘r}m / YMA Spike 11535
150 b 1,518
120 L 1,407
0EM L 1,478
0. Supportive I 1482
WhlA Spike
D 1 1 1 1 1 1.440
Jun 24,05 Jul 1,08 Jul 11,05 Jul 12,05 Jul 25,05

Figure 2.7 Excerpt from MarketVolum@' report for S&P 500 (June - July, 2005).

In Figure 2.7, the uptrend is marked with a greeava whereas the downtrend is marked with a
red arrow. The volume-based analysis shows a opendaing average (blue) and a twenty-day
moving average (green) of the volume and “Buy/Sseifnals that are generated based on the
supportive and resistive spikes of these movingemes. It is not certain whether this service is

manual or automated.

2.2.2 Conventional Approaches — Statistical Time $es Analysis

In this section we provide a survey of a few cotieral approaches to time series analysis. The
models discussed in this section can be class#sgatobability modelsandchanging variance

(non-linear) modelgor time series analysis.

We begin by defining the so-called stochastic pgees. Many physical processes involve a
random element in their structure: a stochasticcgs® can be described as “a statistical
phenomenon that evolves in time according to pritibtib laws”. For example, the length of a

gueue, the size of a bacterial colony or air terpees on successive days at a fixed site, all

constitute a stochastic process. The watathasticis Greek in origin and means “pertaining to
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chance”. An important class of stochastic processesthose, which arstationary From a
statistical point of view, a time series is saich&stationaryif there is no systematic change in
mean (trend), if there is no systematic changeanance, and if strictly periodic variations have

been removed.

ARMA Method

One of the most consistently successful time-sefescasting methods for the so-called
stochastic processes is the Box-Jenkins autoregeesmoving average (ARMA) method [18],
[130]. Consider the observatioMg (t), W (b), ...., W(t), obtained from a discrete time series at
timesty, t, ..., &, wherety; - t; is a fixed constant for = 1, 2, ... N-1 The “stationarity”
assumption implies that the probability distribatior the series is the same for any instant. For a
stationary time serie®\, when the current value of the process is expdeasea finite, linear
aggregate of previous values of the process ambeks,, wherea, is a purely random Gaussian

process with zero mean and variaateThat is,

W= @ Wt @ Weat .t @ Wept & 2.6
ThenW, is called an AutoRegressive (AR) process of opjevhere the coefficientg : i=1 ... p

are constants.

The Moving Average (MA) model of orderexpresses the procédas a finite weighted sum of
a's, wherea, is a purely random process with zero mean and neeiag®. That is, for constant

coefficients,

W= 8- B -Gdz - ... - Gdeg 2.7
To achieve greater flexibility in fitting of actuime series, both autoregressive (AR) and moving
average (MA) terms can be included in the modeis Té¢ads to the mixed autoregressive moving
average (ARMA) model. A mixed ARMA process contagp AR terms and] MA terms is said
to be an ARMA process of ordgy, (0. It is given by,

W= g W+ @ Wt g W+ a+ Ga+ Ba - ... + Gag 2.8
The importance of the ARMA process lies in the fhett it may often describe a stationary time

series using fewer parameters than a pure MA opAdeess by itself.

ARIMA Method

In practice most time series are nonstationaryorbter to fit a stationary model, such as the

ARMA model, it is necessary to remove nonstatiorsoyrces of variation. If the observed time

series is nonstationary, then we dfifferencethe series to make it stationary. This approach is
widely used in economics. If we replace the origseiesW; by [7°W, in Eq (2.8) then we have

a model capable of describing certain types of taiomary time series. The operatot® is
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known as thalifference operatowhered is a positive integer that controls the numbeliroes a
series is differenced to make it stationary. Ireotlvordsd determines the number of differencing
iterations. For example, & = 0, the model is equivalent to an ARMA model, i&nty, /7%= W, =
(W - W), (Wis - Wep), .. (Wan - Wint); 7 2 W = {(Wig - W) — (Wez - Wen)}, . {(W i - Wi

1) — (Win1 — Win-2)}; and so on. The differenced serigss defined as,

P, = 0W, 2.9
whered is the number of differencing operations carrietitoumakeW, stationary. Such a model
is called arintegratedmodel because the stationary model, which isffittethe differenced data,
has to be summed dntegrated to provide a model for the nonstationary data .[ZBhe
autoregressive integrated moving average proceé38MA) is of the form,

Pi= @ Put+t @Pot @ Ppt+a+ Bant Gan-... + Gag 2.10

The second class of models that we will discusthis section are called models of changing
variance. These models are primarily concerned witidelling the changes in variance (or
volatility). They lead to better estimates of tHecél) variance, which allows more reliable
prediction intervals to be computed and a bettsesmsment of risk. This is very pertinent to
financial time series when there is clear evidesfaghanging variance in the time plot of the data.
We describe below the ARCH and GARCH models whighan important class of models of

changing variance.

ARCH and GARCH Models

If a time series is treated as a sequence of rarmlusarvations, then this random sequence or
stochastic process may exhibit some degree oflatime from one observation to the next. This
correlation structure can be used to predict futlaees of the process based on the past history
of observations. If a correlation structure exestsl it can be exploited, then a time series can be
decomposed into two components, namely a detericiriemponent (i.e. the forecast) and a
random component (i.e. the error or uncertaintp@ased with the forecast). Thus a time seyjes

can be expressed as,

ye = f(t-1, X) +&, 2.11
wheref(t-1, X) represents the forecast or the deterministic compioof the current value as a
function of any information known at timel, whereasg is the random component which
represents the innovation in the meany,0fWe can also interpret as the single-period ahead

forecast error.
Let us assume that innovatiogsre generated by the following mechanism,

& = O, 2.12
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wherez denotes a sequence of random variables with zeem rmed unit variance ang is the
local conditional standard deviation of the procdksve further assume that the square of the
conditional standard deviation of a proces$ (lepends on the previous value of the innovation
by the following relation,

0 2.13

Q
ol =k+) Ag’
j=1
wherex andA are chosen in a way to ensure tb@tis non-negative, then such a model is known
as theautoregressive conditionally heteroscedastic mad@rder (Q). The model of Eq (2.13) is
abbreviated as ARCH (Q) and was developed by Rdtmgte [40], for which he won the 2003

Nobel Prize in Economics.

Generally,&° tends to have a relatively slowly decaying autmalation function, especially for
high frequency return series like daily or weeldyias of financial instruments. This would mean
that modelling such a series with the ARCH modellaequire a long la@ and hence a large
number of parameters. However, if the right-hamtk®f Eq (2.13) is modified by adding lags of
the conditional variancey, the resulting model can be formulated with onlgnaall number of
parameters and it can still display a slowly desgyiutocorrelation function faf. Such a model
was introduced by one of Robert Engle’s graduatelestts Tim Bollerslev [16], and has the

following form,

P Q
ol =Kk+Y GoZ +> Al . 2.14
i=1 j=1

The model of Eq (2.14) is known as tipeneralized ARCHhodel of orderR, Q) and abbreviated
as GARCH (P, Q). Owing to its simplicity, the firstder (P = Q = 1) GARCH model, GARCH
(1, 1), has over the years become the most poplr&@H model in practice and is described by

the following equations,
Yi=C+g, 2.14a
o} =k +G,07, + Agl,. 2.14b
We note that the GARCH (1, 1) model described byE#4a) and Eq (2.14b) requires just four
parametersQ, «, G;, andA;) for modelling the conditional variance of a tiseries. Eq (2.14a) is
known as the conditional mean model where the mgfuronsists of a sample constant (me@n)

plus an uncorrelated white noise disturbagic&q (2.14b) is known as the conditional variance

model where the variance forecasf consists of a constartplus weighted average of the last

period’s forecastr?, and the last period’s squared innovatigf .
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Figure 2.8 shows a GARCH (1, 1) simulation for Beutsche Mark - British Poundhily return
series from January 2, 1984, to December 31, 198&. returnsy, are computed using the
formula,y; = 100In (p / p.o), where{p, t = 1, ..., N}is the Deutsche Mark - British Pound
exchange rate time series for the given dates.ARisthe input return series while Eq (A) and Eq
(B) are GARCH (1, 1) equations with the calculapadameters for the input return series y
Comparing from Eq (A) and Eq (B) in Figure 2.8 wiih (2.14a) and Eq(2.14b) we note that C =
-6.20e-005,k = 1.076e-006G; = 0.81, andA; = 0.15 for the Deutsche Mark - British Pound

exchange rate returns time series.

0.04 3.00E-04
_ 003 € D
@ 0.02
S 0-001 | 2.50E-04 /
©
é 5@ ARCH Paraboy
S -0.02 - 3
E oo | | | 2.00E-04
1 204 407 610 813 1016 1219 42 1625 B2
150E-04
005 — Oy
= 100E-04
S 001 |
]
0 0.005 I 500E-05
=
? 0
1 205 409 613 817 1021 1225 142 163 1837 0.00E+00
-0.04 -0.02 0 0.02 0.04
€1
004 —
0.03 - —
@ 002 | GARCH (1, 1) equations for tHeeutsch Mark — British
5 %% j | Poundreturn series:
[
X -001 -
0,02 | i o | Vi = -6.20e-005 <, Eq(A)
-0.03
1 204 407 610 813 1016 1219 142 1625 182 2 _ _ _ 2 2
o’ =108e-006 = 08lcg,, + 015¢, Eq(B)

Figure 2.8GARCH (1, 1) simulation for thBeutsch Mark — British Pounitturn series.

In Figure 2.8, Plot C is the innovation, while PBts the standard deviation which are calculated
using Eq (A) and Eq (B) respectively. We noticdrkisg similarity between Plot A (returns) and
Plot C (innovations). This is because accordingdo(2.14a) & = y; — C, whereC is the mean of
the return series:. In this GARCH simulationC = -6.20e-005 which is an extremely small

number and hence subtracting it frgnadoes not alter the value gfsignificantly.

Plot D of Figure 2.8 is a plot of variance’ at timet versus the innovatiorg(,) at timet-1: this

produces a parabolic curve also called an ARCH tertte the name of the method. Plot D in
Figure 2.8 is also known as timews impact curv@4l]. Robert Engle hypothesized that price
returnsy; predominantly evolve through a random mechanisnthwhe called innovations &

(Eq (2.11), and Eq (2.14a)). He attributed the oamgess or innovation in price returns to
incoming financial news announcements which coatlidlomly constitute “good news” or “bad

news” for the market. Negative innovations (orumtnegative price returns) meant downturns in
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the actual price time series which resulted frorad‘imews” whereas positive innovations meant
upturns in the price time series which resultediffgood news.”

According to Eq (2.14b) and Plot D, Figure 2.8ndfd deviation of a stock return at timis
related to the innovation at tintel or in other words to the “good news” or “bad newstimet-

1. The parabolic curve of Plot D, Figure 2.8, idexlthenews impact curvbecause it helps us
study the impact or effect of financial news on fineire market movement or standard deviation.
If the parabolic curve (news impact curve) is peiffesymmetri¢ then the “good news” (positive
&) and the “bad news” (negativ® have equal impact on the market movement or canszgjual
change in standard deviation of future price reduddowever, if the news impact curve is
asymmetric, that is, it is either skewed to thentrigr left then either the “good news” or “bad
news” has more impact on the market movement. énettample that we have studied in Figure
2.8, the news impact curve is skewed towards tfet implying that “good news” has had more
impact on the market movement.

2.2.3 NLG Approaches

In this section we discuss Natural Language GeioerdNLG) approaches for analyzing time
series. Such systems first analyze a given timessarvith sophisticated time series analysis
methods followed by a description in natural larguaf the results of the analysis. These
systems have been termedt@se series summarization systesisce their output comprises a
natural language summawescribing the behaviour of a given time seridsGNs the subfield of
Artificial Intelligence (Al) and computational lingstics. It focuses on computer systems that can
produce understandable texts in English or othenamu languages [128], [105]. Figure 2.9

summarizes how typical NLG systems operate.

Non-
linguistic | NLG System —Pp»

F %

Application
Domain

Report
(Output)

Language

Figure 2.9 Typical NLG system.

The input to such systems consists of some notHbiig representation of information and they
use knowledge about language and the applicatiomatioto automatically generate reports and

other kinds of texts.
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NLG based time series summarization systems perfasks such as producing weather reports
from weather simulations, or summaries of stockketafluctuations. The key goal of research in
this area is to develop better technology for poty natural language summaries of time-series

data by integrating leading-edge time-series an@ ltdchnology.

SUMTIME -M OUSAM

The SIMTIME project at Aberdeen University aimed at producihgman-like” summaries of
time series data usirgnowledge acquisitio(KA) techniques [138], [139]. BATIME-MOUSAM is

a time series summarization system developed a®pére IMTIME project. The architecture of
the IMTIME-MOUSAM system is shown in Figure 2.10.

Time Series
Data / Corpus

v

Domain Domain Outpu
Reasoning <4 and Ontology

Human-written texts and
their conceptual
Conceptua representations
Output

Text Evaluation
Generation

¢ Summary
Text

Figure 2.10Architecture of SMTIME-MOUSAM.

Input data to the system comprises 40 basic weatameters like wind direction, wind speed,
and gust. Time series analysis is carried out ugiegr segmentatiaonSegmentation refers to the
process of approximating a time series of lengtith K straight lines, wherK is much smaller
thann. The approximated signal is known apiacewise linear representatia@f the input time

series [76], [88], [89]Forecastis based otinear interpolationof thesegmentetime series.

SUMTIME-MOUSAM also performs microplanning and realization toegate natural language
text about various weather parameters and forecadte microplanner uses numerical
information from theSegmentation Modéb produce texts about the weather parameters.

SYSTEM TREND

System Trend, which was developed at the MicrdReflearch Institute, Australia, uses advanced
signal processing techniques like the Continuousél¢a Transform (CWT) to computationally
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detect edges in a given signal. This informatiothén used to articulate ttrendin the signal in
natural language [19]. The system architectureRERND is shown in Figure 2.11.

The continuous wavelet transform (CWT) is defineda@lows:

CWT,(r,a) = % jx(t)z//(%jdt 2.15

The transformed signal is a function of (the translation or the position) and {the scale). ¥
(t) is the transforming function and is called thetherwavelet (also callegrototypewavelet).
High scales correspond to a non-detailed global Y& the signal), and low scales correspond to
a detailed view. System TREND uses the derivativeicc spline wavelet as thgrototype or

motherwavelet, which is an effective edge detector [102]

“The currency fell

17.47 percent
1
\/\/\A Trend Natural between theBand

Template "

Time seriek VT » Detection | FiIIing Language| the 12!
ime Seriep Generatio | Natural
Input Language

Description

Figure 2.11System architecture of TREND.

The algorithm for trend detection combines the spaaroperties of the derivative cubic spline
wavelet and a theory used in image processingdcstlale-spaceheory. An algorithm (based on
scale-space theory) selects those trends whosdevarensform extrema are present at several

scales and have a higher combined absolute value.

Once the trends have been computationally detettiedhumerical values are mapped into verbs
and adverbs, which are inserted into a naturaluagg template suitable for natural language
generation. Natural Language is generated usingtH¢SURGE, which is a syntactic realization

front end for natural language generation systegquspped with a comprehensive grammar of
English [39].

During 1997, the currency fell 17.47 percent to finish the year at 0.651. It
remai ned nainly unchanged between the 20th of February and the 30th of My and
decreased consi derably between the 30th of May and the 7th of July before
stayi ng mai nly unchanged until the 10th of Septenber. It fell dramatically
between the 10th of Septenber and the 31st of Decenber.

Figure 2.120utput from system TREND.

The input to TREND consists of an “annual currefil®/, which consists of a number of lines
each containing the date and the daily currencyevaFigure 2.12 shows a sample output from
system TREND. The input data in this case comptised/alue of the Australian dollar measured

against the U.S. dollar during the year 1997.
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2.2.4 Artificial Intelligence (Al) / Soft Computing

Time series emanating from complex systems areyhiginlinear since they are a manifestation
of many interdependent processes. Therefore, atiomal approaches for understanding and
predicting the behaviour of such time series basednalytical techniques alone could prove to
be difficult. The conventional analytical technigui®r the analysis of complex time series are
perhaps too specific and inflexible to be abledpecwith the intricacies and complexities of real
world systems. Models operating in such a scergrauld be able to tolerate a high degree of
uncertainty and imprecision.

Soft computing is a new branch of computer sciebesed on fuzzy logic, neural networks and
probabilistic reasoning. Soft computing or Al ma&lbhve the properties of “approximation” and
“dispositionality” which makes them tolerant to imepision and uncertainty [86]. Such a
tolerance is not achieved by the so-called hardpedimg models since they are based on binary

logic, crisp systems, numerical analysis and csidpware.

Generally speaking crisp logic is the type of lotjiat is outside the field of Al. Crisp logic deals
with absolute set membership. An item is either emiper of the set or not. There is no in-
between. For example, membership in the sets ¢f &l “man” is absolute. One single animal

(specie) cannot both be a cat and a man.

In soft computing the tolerance for imprecision amdcertainty is exploited for achieving
robustness and low cost solutions. Two soft comuinethods that have extensively been used
for time series analysis and prediction are nemeaivorks and fuzzy logic. More recently, owing
to the great complexity of real-world time seriegaj multiscale wavelet analysis seems to have
found a place as a powerful pre-processing tookfift computing models giving rise to the so-
called hybrid models [151]. In this section we provide a briefvey of neural network, fuzzy
logic, and wavelet-soft computing hybrid modelstiore series analysis.

Several neural network architectures have beeriestur time series analysis in disciplines
ranging from economics and hydrology to structeragineering. The most popular architecture
seems to be based on multilayer perceptrons (Muiéth are feed-forward neural networks
trained with standard backpropagation algorithmiq,[1106], [95], [44], [143], [72], [91], [81].
Other architectures that have been examined fag Haries analysis include recurrent networks
which comprise a network of neurons with feedbamknections [49] and radial basis functions
(RBF) which are based on the theory of functiomgiraximation [82], [83], [77], [46].

Fuzzy logic time series modelling methods are Hroathssified into those usingomplex rule
generation mechanismendad hoc data-driven mode[25] for automatic rule generation. The

former employ a mixture of methods, like neuro-fuf85], [80] and probabilistic-fuzzy [155]
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methods, while the latter utilize data coverindesia in example sets [158], [112d hocdata-
driven models have the advantages of simplicitgedpand high performance and often serve as
preliminary models that are subsequently refineithgu®ther methods [25], [115]. Moreover,
sincead hocmodels employ automatic rule generation, fuzzg hdses can be built and updated

with minimal effort.

Both neural networks which employ connectionistresgions and fuzzy logic models which
employ fuzzy-rule bases to model time series databe termed as global approximators where
only one model is used to characterize an entioeqasHowever, real-world time series data is
inherently nonstationary and may be a superposibbrmany sources exhibiting different
dynamics. Hence there is a need for developingitiydoft computing models that can deal
effectively with complex real-word data. Recentthere has been an increased interest in
multiresolution decomposition techniques like thavelet transform for elucidating complex
relationships in nonstationary time series [118je Tvavelet transform can produce a good local
representation of a signal in both time and fregyedomain and is not restrained by the
assumption of “stationarity” [97]. Motivated by tlspatial frequency resolution property of the
wavelet transform, several hybrid schemes (locallets) have been developed, which combine
wavelet analysis with soft computing approaches lieural networks and fuzzy logic for time
series prediction [165], [4], [5], [166], [73].

Di | Fuzzy/NN Provide
g Model Forecasts
D, | Fuzzy /NN N Provide
< Model Forecasts
[+
_ 5 Py
Input Time o | 2@
- — ra IR ..
Series I Ds | Fuzzy/NN Provide 8 % Prediction
@ ” Model "l Forecasts cE
>
«Q

Fuzzy / NN N Provide
Model Forecasts

Figure 2.130verview of wavelet / soft computing multiresolutiforecasting systems. The Ds are wavelet
coefficients while § is the signal “smooth” or “trend”.

A typical wavelet-soft computing hybrid predictisoheme is shown in Figure 2.13. Given a time
seriesX(n), n =1, ..., Nthe aim is to predict thith sample ahead(N+l), of the series. That Is

= 1 for single step prediction. This scheme basiciaplves three stages. In the first stage, the
time series is decomposed into different timescaking the wavelet transform. In the second

stage, each wavelet scale is predicted by a sepdwakzy logic model or neural network
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architecture, and in the third stage the individpeddictions at each scale are combined to
generate an aggregate forecast. We have publigleegapers in which we show improvements in
the prediction capability of fuzzy models when thegrk on wavelet pre-processed data [122],
[123].

2.2.5 Empirical Techniques — Power Laws

Power laws are empirical laws that describe theathos of a variety of disparate phenomena
ranging from earthquakes to solar flares and frtooksmarket fluctuations to avalanches. 1t is
believed that these dynamics arise from the systseif — the theory of “self-organized
complexity” has been suggested to represent a tgaiverganizing principle in biological, social
and physical systems [140], [153], [6].

Let us revisit the frequency distribution of earbkes, which we described in Eq (2.4) earlier.
According to Eq (2.4), which is also known as thgténberg-Richter relatiomN is the frequency
of earthquakes an8is their rupture area. The magnitudeof earthquakes is defined in terms of

their rupture are& by the following relationship:
m =1log,S 2.16
The magnituden is popularly known as the Richter scale and gelyeaal earthquake measuring

six or above on the Richter scale is considerddrge. Eq (2.16) can also be expressed as,

S =10 2.17
ReplacingSfrom Eq (2.17) in Eq (2.4) gives us,

N~ 10°" 2.18
Introducing an equality sign in Eq (2.18) wouldgiys,

N = k10" 2.19
wherek is a constant. Taking log of Eq (2.19) gives us,
10g10N = log;o k — bm, 2.20
wherelogok is a constant and can be replacedby
logioN =a—bm, 2.21
Eq (2.21) represents a negative sloping straigetdif the formy = a — bxwhereb is the slope of

the line andh is the y-intercept.

The only difference in Eq (2.21) is that the y-agisogarithmic. Hence, if we plot Eq (2.21) on a
logarithmic-linear graph, we will get a negativegshg straight line. Empirical results show that a

plot of the magnitude of earthquakes) (against the log of the frequency of their occocee
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(logio N) reveals a straight line with a negative slopalwdut -1. This provides a measure of the
probability of an earthquake occurring in a givegion over a certain period of time. In areas of
increased earthquake activity, the straight linshgted to the right but the slope remains the
same. Thus, the difference betweenytlieterceptof two straight lines for two regions provides

a measure of the difference in probabilities oarthquake of all magnitudes occurring in these

regions.

Figure 2.14 shows a log-linear plot of the seisattvity in Southern California during 1987-
1996 and the average seismic activity in the wdéoldone year [38]. The slopes of the lines
describing the two seismic activities are equalltothat isb = 1. However, the line for world
seismicity is shifted to the right as compared he tine for Southern California seismicity,
indicating a higher possibility of earthquakesathund the world as compared to the possibility
of earthquakes in Southern California alone. Polaer behaviour has also been studied and

described in physics, economics, biology, ecol@gg evolution [36], [57].
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Figure 2.14World (average for one year) and Southern Caligo(h987-1996) seismicity counts vs.
magnitude.

In time series analysis, power laws describe dyosarttiat have a similar pattern at different
timescales; this implies that they a®ale invariant A power law describes a time series with a
large number of small variations and a smaller smdller number of large variations. Moreover,
the pattern of variation is statically similar reglass of the size of the variation. Magnifying or
shrinking the scale of the signal reveals the samadistical relationship that describes the
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dynamics of the signal being analyzed. This scatariant self-similar behaviour is analogous to
the property of fractals which are geometric strtes first investigated by Benoit Mandelbrot
[99]. As discussed in Section 2.1, fractals areneef as geometric objects whose spatial structure
is self-similar. This means that the structuret@ndoarsest scale is repeated on finer lengthsscale
— by magnifying one part of the object, we find teme structure as of the original object.
Similarly, with regard to time series the patteafis/ariation appear the same at all timescales —
magnifying a portion of a pattern reveals the saatéern [58]. Such a scaling is often referred to
as fractal scaling. The power law allows us to meaghe long-range correlations that are present
in a series of data and alterations in these adrogls provide us with a means of assessing the

state of a system.

The first step in the evaluation of the power Iawthie calculation of the Fourier power spectrum
[20]. A Fourier power spectrum reveals the varifraguency components of a time series. If we
plot a log-log representation of a Fourier powescspum (that is log power vs. log frequency), we
obtain a straight line with a slope of approximatel. This implies that as the frequency
increases, the size of the variation (fluctuatiods)ps by the same factor and this behaviour

exists across many scales or frequencies.
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Figure 2.15Demonstration of power law behaviour for S&P 5@@et series using Fourier power spectrum
analysis.

In Figure 2.15, we demonstrate the existence ofgpdaw behaviour in S&P 500 time series

using Fourier power spectrum analysis. The powewnéoy low frequencies is quite high and it
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rapidly decreases for higher frequencies (darkcadured plot in Figure 2.15). The log-log plot

of the Fourier power spectrum reveals a straigte bf slope -1.8 (blue coloured plot in Figure
2.15) — as the frequency increases, the size ofdtiation (power) drops by the same factor and
this behaviour exists across many scales or frageen As per Eq (2.3), power law behaviour is
scale invariant — if a variabbeis replaced byAx’, whereA is a constant, the fundamental power

law relationship remains unchanged. A straight igi&ted using linear regression.

Power law behaviour has been observed and studigidlogical, economic and physical systems
— a change in the intercept and slope helps tsadbe state and stability of these systems. In
biology, power law behaviour describes fluctuationsheart rate which was first studied by
Kobayashi et al. [90], foetal respiratory rateambs [148], movement of cells [42] and so on. For
heart rate variability, it has been observed thabae negative slope is obtained for aged patients
[121] and patients with coronary artery diseased].[8n patients with recent myocardial
infarction, the slope could act as a predictorlbt@ause mortality [12]. In marine sciences, power
law behaviour can be used to study shoreline ctafig] and in economics it can be used to
study “risk, ruin and reward” [100], [87].

There is however one limitation in determining goaver law by Fourier spectral analysis in that
the technique becomes problematic when appliedtstationary signals. This limitation might

give spurious results regarding the underlying dyica of the process under study. Wavelet
multiscale analysis, which is closely related taifi@r analysis and is capable of dealing with
nonstationary signals, seems to be a good alteentiistudy power law behaviour in real-world
time series data. Wavelet-basaohlysis of variancdANOVA as a function of timescale has

proven to be a useful tool for studying power laeh&éviour in nonstationary time series
emanating from complex systems [149], [118], [132]Chapter 3, we will discuss in more detail

the calculation of the power law using Fourier arabelet analysis.

2.3 Multivariate Time Series Analysis

We discussed earlier that complex systems compasis or elements that interact in a certain
manner to give rise to the overall behaviour ofdhstem. We also discussed how it is important
to study the interrelationships amongst parts cdraplex system to assess its state. In a complex
system there may be parameters that change siraalialy to give rise to the overall behaviour
of the system. For example, in meteorology, pataradike temperature, air pressure, rainfall
etc., may generate a time series each at the s@fershe same sequence of time points — these
parameters might help us assess the state of ththevein that region. In economics, many
different time series measuring various forms obreenic activity are recorded at regular

intervals and may throw light on the state of anneeny. Faced with multivariate data, it is
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worthwhile to develop multivariate models that adeal with interrelationships amongst such

series to better understand the behaviour of @isyst

In this section we will discuss three multivarisitee series analysis methods namely, Value at
Risk (VaR), Capital Asset Pricing Model (CAPM), a@dintegration. These three models have
been extensively used in economics and financeigkrmanagement and prediction. The basic
theory behind these multivariate models is the mgsion that financial time series do not vary in

isolation and that price movements and fluctuatimesindeed correlated. More specifically, the
VaR model and the CAPM studies stock price coriatatto assess financial risk whereas co-
integration studies the co-movement of two or mooastationary time series for prediction

purposes.

2.3.1 Value at Risk (VaR) Model

In economics and finance, risk is defined as a oreasf uncertainty about the future behaviour
of various markets. Value at Risk, popularly knoamVaR is one of the modern risk measuring
techniques. VaR, which is generally computed fquoetfolio, can be defined as a measure of
worst expected loss under normal market conditifimsa specific time horizon at a given

confidence interval. More specifically, “VaR answéne question: how much can | lose with x %

probability over a pre-set horizon” [79].

Based on theories and concepts taken from [75]28]dve provide a mathematical procedure for
the calculation of the VaR. The mathematical edimnaof the VaR is based on a time horizgn
a confidence levat, and an initial portfolio valu§\,. Let the value of a portfolio at the endrof
days bel,, then the continuously compounded retuyim the lasin days for this portfolio can be

W,
u, =In| - 2.22
(WOJ

As per Eq (2.2), if the initial value of the potttowas W, then the value of the portfolio at the

written as,

end ofn days would be given by, = Wee" ~ W, (1+uy), since &~ (1+x) for small values of x.
Let the expected value (mean) and volatility ofinetu, bey and o respectively. If the worst

possible return on this portfolio i6n, then the lowest portfolio value can be definethgs= W,

(1 + u'n). Now the VaR can be defined as the loss, relatithe means,

VaR(u,) = EW,) =W, =W, @+ 4,) ~W, L+ 4;) , 2.23
where, /s, is the mean of the expected retugnand ,u*n is the mean of the worst possible return

u' . We can write Eq(2.23) as,
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VaR(4,) = W (ty = Hy) 2.24
If we substitutey, = 0 in Eq (2.24), then we can define VaR as trepkite loss, given by the
following equation,
VaR(0) = -W, (), 2.25
In Egs (2.24 & 2.25),,u*n corresponds to theut-off return which is defined as the lowest
acceptable rate of return. Using the notion offidemce level, VaR can be derived from the
probability distribution of the future portfolib (w). At a given confidence leved, the lowest

possible realization of portfolio valu&/is W', such that the probability of exceeding this vakie

c. Hencec can be defined as,

c= J: f (wW)dw, 2.26

and the probability of a lower realization thahis 1-c, that is,

Pwsw") = [ f(wdw=1-c. 2.27

Figure 2.16 shows a normal distribution with areasid1-c. For a given confidence level the
lowest possible realization of portfolio valMé lies at the border of the two areas and is marked

asW.
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Figure 2.16The standard normal distribution and the configdewel c.

The above specification is valid for any distriloati however, VaR estimates can be greatly
simplified by assuming normal distribution. In tbase of a normal distribution the VaR can be

estimated directly from the portfolio standard @éan, using a multiplicative factor which
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depends on the confidence level and time horizdime valuea, which corresponds to the
confidence levet in a probability distribution, can be expressed as
_ Uy~ 4y

-a , 2.28
g

n

The negative value ofr in Eq (2.28) assumes that the critical vatués such that we work
towards the left of the mean — the interpretatmihiat over a large number of trading days the
value of a portfolio will decline by no more tharf. In Figure 2.16, which demonstrates a 95 %

confidence level, we see thatfies at -1.65. We can writén as,

u =—ao,+U,. 2.29
Let us assume thatandy are expressed on a daily basis. However, the tonzdn for VaR is

defined ash days. To scale the one-day variance intd-a@lay variance, we need to multiply the

one-day variance by,

2 - 42
Uh—days - Ul—dayh ’ 2.30

Taking a square root on both sides of Eq (2.30)gete

Uh—days = Ul—day\/ﬁ 231

Now we can substitute Eq (2.29) in Eq (2.24), aplace thel-day owith anh-day o to define

the general expression for the calculation of \i@fgtive to the meap,

VaR(y) = -W, (U’ - 4,) =W,ac+/h 2.32
Several strategies have been suggested for lowdskghrough methods likdiversification of

the portfolia A detailed mathematical discussion on portfolivedsification can be found in
references [75] and [23].

2.3.2 Capital Asset Pricing Model (CAPM)

The capital-asset pricing model (CAPM), one of ph@ponents of modern asset pricing theories,
introduces the notion of the dependence of expeatons of an asset on the risk involved in
holding the asset [126], [131]. For example, if &@xpected price change of an asset is positive, an
investor might want to hold the asset and beaa#iseciated risk in the hope to sell it at a higher
price later. On the other hand, an investor nottingnto take risk for an asset that has an
“unforecastable” return would willingly make a lesgrofit by selling it off earlier.

The CAPM, first proposed by Sharpe and Lintnerdjmts that the excess return of a stock (return

over therisklessrate of return) should be proportional to the neageemium (market return over
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therisklessrate of return) [136], [94]. This implies that theerage return of high risk stocks is
higher than the average return of low risk stocid that this relationship is roughly linear.

The CAPM is defined by the following equation,

COWG,GJ

m

E(rit) =TIy |: :|[E(rmt) - rOt] 2.33

wherer; is the rate of return for risky assetg,is the rate of return for ésklessassetr is the
market return, and?, is the variance of the market return. In Eq (2.3 observe that the
market variancedf,) is not indexed by since its just one value for the variance of therket

return time series (). A complete derivation of Eq (2.33) can be foum¢b5].

Expected
Return, E(r;)

SML

1.0 Beta, 8

Figure 2.17Thesecurity market lin€SML) relating the expected returns on assetked systematic risks.

In the CAPM, Eq (2.33) is also known as sezurity market lindSML). Eq (2.33) implies that
the excess return from as$éin excess of the risk free asset return) is priogual to the market
premium (market return in excess of the risk fresetireturn). The proportionality factor in Eq
(2.33) is known asystematic rislor thebetaof an asset. Therefore, mathematicatigta of an

asset is defined as the ratio of the covariandbehsset’s returm;f) with the market returrr gy,

to the varianced?,) of the market return,

COWvaJ
U

B = 2.34

m

If we substitute the value @& from Eq (2.34) in Eq (2.33), then tecurity market linelefined
by Eq (2.33) can be re-written as,

E(rlt +18[E(rmt) r'Ot] 2.35
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Hence thesecurity market lineelates expected returns on assets to fiystematic risks or their

betas This is shown in Figure 2.17 where a plot of éxpected return versimeta produces the
security market lineAs per Eq (2.35) and Figure 2.17 it is clear thaty-intercept is thaskless

rate of returnr(,) and the slope of the SML is given B(fmy) — rod.

The beta of an asset can be calculated mathematically usimng2.34). However, in empirical
finance, the usual estimator for thetaof an asset is the ordinary least square (OL$natt

from the regression defined by Eq (2.36),

(ry —ro)=a+ B (1, o) & 2.36
where & is a white noise disturbance term known as the-systematic or idiosyncratic risk,
alpha is the intercept of the regressioetais the systematic risk,, is the market returmg, is the
risklessrate of return, and; is the rate of return for a risky asset. Figuré82shows how a
regression fit is obtained after plotting the escesturn (i-ro) or stock premiumversus the
market premiun{rmcroy). The slope of the fitted line is equal to gestematic rislor betaof an

asset.

Slope = Beta

Excess Return (j-roy)

} Intercept = Alpha

Market Premium (rmero)

Figure 2.18 Methodology adopted in empirical finance to estameta

Early empirical studies on the CAPM were supporta¥é¢he fact that average return of higéta
stocks was higher than the average return oftdewa stocks [13], [14], [43]. Campbell showed
that this relationship is roughly linear but theps was too flat to strongly support the CAPM
[24]. Subsequent studies focusedbmta estimation issues in more detail. These inclugstirtg
the stability ofbeta over time [69], effects of borrowing constraints lmeta[13], estimation of
betaunder structural breaks and regime switches [ihi&],effect of world markets and volatility
on beta[10], [9], [68], non-synchronous data issues ia #stimation obeta[133], impact of
investor time horizon obeta[93], and the impact of the return interval loeta[22], [21], [27],
[48], [70], [66], [67].
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If we replacer;; by rptin Eq (2.34) we will get &etavalue of 1, that is, thieetaof the market is 1.
Therefore, for an asset, a valuebeta which is greater than one, is considered highpncdises
higher returns. On the other handeta value, which is lower than one, is considered bw
would potentially indicate lower returns. The aatarestimation obeta can help in portfolio
management since it can help investors to decidehngtocks they want in their portfolio based
on how risky the stocks are and what could be tiential returns from these stocks. A detailed
procedure for portfolio construction and computatdd risk-return tradeoffs at various timescales
will be presented in Chapters 3 and 4.

2.3.3 Cointegration

A common property of economic time series is ndrwtarity. This means that a variable has no
clear tendency to return to a constant value oneaf tend. An important aspect of research in
macroeconomics is to estimate relationships amowngsables (i.e. two or more time series).
Until the 1980s several large simultaneous equatiodels were based on the assumption that
variables in these models are stationary. Howdireancial time series are indeed realizations of
nonstationary processes. Therefore, statisticarémices associated with stationary simultaneous
equation models would not be valid for nonstatigriime series. The above difficulty was not
particularly well understood by model builders thidecades ago until Clive Granger introduced

the concept of cointegrated variables in economics.

Until Clive Granger's work on cointegrated economiriables, it was common practice to

estimate equations containing nonstationary vagbly straightforward linear regression. It was
not realized that such standard statistical infegermight lead to totally spurious regressions. In
1974, Clive Granger and his colleague Paul Newlpaithted out that such a regression might
falsely suggest a significant relationship amongsiables where no such relationship actually
exists [63]. Their method involved generating ipeledent random walks and regressing these
series on each other. Their results indicated thatigh the variables in the regression were
independent the null hypothesis of a zero regrassiefficient was rejected more frequently than
standard theory had proposed until that time. Thisp observed that the residuals of the
estimated equation showed a strong positive auteledion. These results proved that existing
econometric models that assume significant relaligpgs amongst nonstationary economic

variables could be erroneous.

Clive Granger’s solution to the above problem canillustrated by the following regression

equation:

Vo= a+ Bt &, 2.37
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wherey, is the dependent variablg,is an exogenous regressor, arg {s a white noise zero
mean process. With the above equation, Grangeiopesp “a simulation of the explanatory right-
hand side should produce the major properties efvtlriable being explained” [60]. This would
suggest that if; is a seasonal variable thgphas to be seasonaldfis the white noise. Granger
further introduced the concept dégree of integrationf a variable. That is if a variabkecan be
approximately made stationary by differencing ttmes, then the variable is said to be integrated
of orderd or | (d). This would imply that weakly stationary randonrigbles ard (0). Many
macroeconomic variables can be regarded(Bsvariables: ifz /71 (1), thendz /71 (0). It is to be
noted thatl (1) variables dominaté (0) variables — in a linear combination of variablbe t
variation of the former dominates the variationtlué latter. For example, # /71 (1) andw; /7

(0), thenz + w, /71 (2).

Let us assume that for Eq (2.37) bath | (1) andy; ~ | (1). This would generally imply that —
Px ~ 1 (1). There is however one important exception to theva rule which states thatéf ~ |
(0), theny, - Bx ~ 1 (0), i.e., the linear combination gf— SBx has the same statistical properties as
anl (0) variable. Therefore we can say that if a lineanbimation of a set of (1) variables id
(0), then the variables areointegrated This is an important concept in the analysis of

nonstationary economic time series [60].

The importance of cointegration for modelling natistnary economic time series is explained by
the so-called Granger representation theorem [6€.us consider a bivariate autoregressive

system of ordep described by the following equations:

P

P
X :Zyljxt—j + _ O Vi tEy
= = 2.38

P P
Yi ZZVZJX'[—j +252jyt—j T Ey
=1 i=1

wherex andy, arel (1) and cointegrated, ang, and &, are white noise processes. According to

the Granger representation theorem, the abovensysia be written as:

p-1 p-1
AXI = al(yt—l - IBXt—l) + Z yleX1—j + Z 5ij Ayt-J' + &y
= 1= 2.39

p-1 p-1
Ay, =a, (Y = By) + Z Vo + Z 02 Yr-j + €
j=1 =1

where eithen; # 0 ora, # 0. Both equations in Eq (2.39) can be termed altzed” that is their
right-hand sides and left-hand sides are of theesamber of integration: this is becauge— %1
~ | (0)and bothdx, ~ | (0) and4y; ~ | (0) sincex, andy, arel (1).
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Let the termy, — Bx = 0 define a dynamic equilibrium relationship betweka two economic
variablesy andx. Theny, — £x would indicate the degree of disequilibrium. Thefficients o;
and a, represent the strength of the disequilibrium cdioe¢ and the system is said to be in
error-correction form. A system characterized by these two equatio®m therefore in
disequilibrium at any given time, but has a builtiendency to adjust itself towards the
equilibrium. This proves that an econometric modhnot be specified without knowing the
order of integration of the variables. Clive Grangbared the 2003 Nobel Prize in economics

with Robert Engle (who won it for developing the @R model) for his work on cointegration.

Other researchers who proposed the concept ofrlic@abinations of nonstationary variables
before Clive Granger include Phillips who coineé term “error correction” [119] and Sargan
[132]. The famous consumption equation in Davidsbal. (the so-called DHSY model) [31] also
played an important role in the dissemination of tidea of cointegration amongst

macroeconomists.

2.4 Discussion

In this chapter, we have introduced the concepbaiplex systems and explained how patterns of
variation over time represent a defining feature tiofse systems. Various univariate and
multivariate time series analysis methods thatuaesl for assessing the state of complex systems
have been reviewed and studied. These range &wrhocreal world techniques to the more

sophisticated, statistically and empirically welbgnded methods for time series analysis.

The take home message though is an important gyopeicomplex systems called “universal

scaling” or “self organized complexity”. This leads to the concept afiversalityin behaviour

of a range of complex systems and hence of timesemanating from them. The power law
analysis for complex time series shows that theinalviour is scale invariant — they exhibit

universal dynamics at different timescales. Frbrmauniversalitystems a need for universal tools

that can guide and simplify the study of variousnptex systems that surround us. Moreover,
these universal tools are important for a compsténtist to build robust autonomous systems

that can work across many domains.

Multiscale wavelet analysis is a powerful analyitieghnique originating in signal processing that
seems to provide a unity of approach for analyZithgctuations” or “rhythms” in complex

systems. The wavelet analysis projects a time sai@o a collection of orthonormal basis
functions (wavelets) to produce a set of waveladfficients [118]. These coefficients capture
information from the time series at different frequies or timescales at distinct times. The

wavelet analysis can deal well with nonstation&meterogeneous and transient behaviour, which
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makes it quite useful for analyzing a range of clempime series. Moreover, the wavelet analysis
is a nonparametric method and hence requirea poiori knowledge about the system under
study. According to Ramsey, the wavelet analysss foamalized old notions of decomposing a
time series into its various components [127]. Mdetailed and rigorous discussions on wavelets

and their usefulness for analyzing complex systeitigollow in Chapters 3 and 4.

Motivated by the unity of approach and the systetypacith which wavelets can study complex
time serial data, we propose a wavelet frameworlaf@lyzing temporal patterns of variation in
complex systems. Our wavelet framework has thelgbiyaand robustness of analyzing signals
across many domains. The core of the frameworkesdiscrete wavelet transform (DWT) and
the maximal overlap discrete wavelet transform (M@D, which is one of the variants of the

DWT. The wavelet framework has three main modules:

1. DWT for pattern identification in financial timgerial dataThis module generates the

Surrey Market Repartfor various financial time series like foreign Bange rates, stock
prices, and composite indices. Chief features lLikeles, trends, turning points and
structural breaks are identified and ‘marked up’tbe original signal. Moreover, a
numerical characterization of these features @ikeequation describing the market trend,
period of cyclicality etc.) is generated to deserithe market dynamics at various

timescales.

*A Note on Surrey Market Report

The Surrey Market Report is an HTML webpage whicht wavelet framework
generates based on the output from the patterrtifidation module. The Surrey
Market Report displays and reports graphical anaerical summaries of features
such as cycles, trends, turning points, and strattthanges of the input signal. |It
also generates a “headline” based on the trendteeté the input signal.

The Surrey Marker Report is generated automaticdlly filling a pre-specified
HTML template with the results for trends, cycléstning points, and variance
changes obtained from the pattern identificatiord uhe.

A sample Surrey Market Report can be viewed at:
http://www.saifahmad.com/May6/SurreyMarketReporti.h

We will refer to the output of the pattern idert#ftion module under the name |of
Surrey Market Report throughout the thesis.

2. MODWT and CAPM for financial risk managementiere a multivariate multiscale

analysis is performed on financial data based @ NMMODWT and the CAPM. The
module manages portfolios of stocks and generdtdsreturn tradeoffs at various
timescales for these portfolios. Hence this modsileseful for risk assessment and risk

management in financial markets.

3. MODWT based analysis of variance (ANOVA) fordting power law behaviouiThis

module analyzes power law behaviour in complex tsmees based on the computation
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of the wavelet variance as a function of timescd@ilke module assesses the state of a
system based on the value of the power law expaneBince power laws are a universal
feature of complex systems, this module has thalubfy of analyzing temporal patterns

of variation across a variety of domains.

In Figure 2.19 we provide a conceptual outline wf wavelet framework for complex time series
analysis. It is interesting to note how the poveav Bnalysis breaks the domain barrier to render
itself useful across many domains like economiasdinine and physics. A detailed architecture

and description of the proposed wavelet framewadtkb& presented in Chapter 4.

|
Domain Barrier;

Wavelet Framework Based on the DWT and the MODWT

' ' '

Pat.tem. Risk Power Laws
Identification Management
Economics & Finance Economics & Finance Economics, Medicine, Physics ...

I Domain Dependent Domain Independe;tI

Zone Zone

Figure 2.19Conceptual outline of the proposed wavelet frant&viar time series analysis in complex
systems.
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3 Analyzing Complex Time Series

In Chapter 2 we discussed various time series sisalyethods that are used to characterize the
behaviour of time series. Except a brief descriptid Fourier transforms and wavelets, all the
other methods that were discussed comprised timegioanalysis. Time domain analysis usually
involves the statistical computation of parameli&esthe mean and standard deviation to evaluate
the behaviour of a time series. Statistical messof variations or fluctuations in time series are
easy to compute and provide valuable informaticouithe series being analyzed. However, time
series produced by complex systems are highly meati and exhibit intricate phenomena like
time varying volatility, nonstationarity, time chging probability distributions, long memory, and
discontinuities [40], [62], [50], [26], [59], [160]n such a scenario, time domain measures may
be susceptible to bias, and they may not be abielittbly distinguish between distinct complex
dynamics. There are many potential examples of 8erées with identical means and standard
deviations but with very different underlying fluetions and dynamics [141]. Therefore, there is
a need for more sophisticated time series anagsitiods that can cope with complex dynamics

of real-world signals.

An alternative to time domain analysis is the frergry domain analysis which is based on the
computation of the Fourier transform. According Rourier theory time series data may be
considered a sum of sinusoidal oscillations witstidct frequencies. Based on this assumption,
the Fourier transform mathematically converts @ng$forms a signal from time domain to

frequency domain and determines how much of eajuéncy the signal contains [20]. Such a
conversion is termespectral analysisince it provides an evaluation of the power (atugé) of

the contributing frequencies to the underlying aigrHowever, Fourier analysis alone cannot
possibly deal with non-periodic and unobvious terappatterns that could be contaminated with
noise or hidden in the data. The basic premiseoofiEr analysis is that the analyzed signal is
periodic and stationary. For complex, real-worlthdi series, the periodicity and stationarity

conditions are not met.

The wavelet multiscale analysis is a powerful fitig technique originating in signal processing,
which seems to provide better insights into theatiyics of complex time series than that
provided by current classical statistical and séanethodology. The main concept that has
arisen from wavelet filters is that of timescalesl dow a signal can be represented by several
signals, each characterizing fluctuations of thigioal signal at a particular timescale. The
wavelet transform is also known atirae-frequencynalysis method since it captures information
from the original signal at various frequenciediorescales at distinct times. Since the wavelet
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transform decomposes a time series into severasatbs on a timescale basis, it is very close to
the philosophy of fractal or scaling behaviour omplex systems (Figure 2.1) and in time series
produced by complex systems. Unlike the Fourierdfiam described above, the wavelet analysis
is not restrained by the assumption of stationasibjch makes it quite useful for analyzing a
range of complex time series. In addition, wavebets nonparametric tools for decomposing a
time series and hence require agoriori knowledge about the dynamics of the signal being
analyzed. According to Ramsey, wavelets have fdmedlold notions of decomposing a time
series into its various components [127]. We thasctude that perhaps wavelets are universal
tools that can guide and simplify the study of tiieversal phenomenon of scaling in complex

systems.

We begin this chapter with a description of timeieseand their various components. This is
followed by a detailed description of wavelets #mel concepts arising from wavelet filtering vis-
a-vis decomposition of time series. We also stumy domputation of statistics like the wavelet
variance and wavelet covariance and their sigmifieain assessing complex time series. We go
on to study the so called long memory processdsria series and the usefulness of wavelet
analysis in dealing with such time series. We oathelthis chapter with the problem formulation

for analyzing complex time series.

3.1 Components of a Time Series

We begin with a very simple definition of a timeriss. Let us consider the measurement of
unemployment rates, which is a very important measi the health of an economy. Some
figures are gathered by a government agency artdreaath a new number is announced. Next
month there will be another number of the unempleynrate, and so forth. If we string these
numbers together on a graph, it will produce a teeeies. A time series is a sequence of

measurements through time.

Mathematically, a time series may be represented as

X={xt=1, .. N} 3.1

wheret is the time index anl is the total number of observations.

Scientists often speak of a time serieas consisting of different components, namaignds
seasonaland cyclical fluctuations and the irregular variation woise Eq (3.1) can thus be re-

written as,

X={ti+s+&),t=1, ..., N} 3.2
wheret;, s, and g are the trend, seasonal and noise componentsctiegihe A synthetic time

series with 200 sampledl (= 200 and its various additive components is showniguie 3.1.
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This synthetic series has been generated by adogegher at each time indéxthe values of a
straight line, a rectified sine wave and a serfesoomally distributed random numbers with zero

mean and unit variance.
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Figure 3.1A synthetic time series and its additive components

Mathematically, the synthetic time series of FigBre can be expressed as,

= 25in(2—nj
40

As per Figure 3.1, we describe below, in more tedtae different sources of variation in a time

X, + 001 +¢,. 33

series:
(1) Seasonal Effect

Many day-to-day time series like temperature regslior sales figures exhibit seasonal variation,
which could be annual, biannual and so on. An exaropuld be the systematic rise (in summer)
and fall (in winter) in temperature over severaange Once seasonality is removed from a time

series we are left with what we call the “deseakoed!’ data.
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(2) Other Cyclical Changes

Apart from the seasonal effects, a time series exdybit cyclical changes, which represent a
variation at a fixed period. A typical example hereuld be the daily variation in temperature. In
the financial domain, a time series may exhibitlzons, which do not have a fixed period. For
example, economic data are sometimes thought w@ffbeted by business cycles with a period

varying between 5 and 7 years.

(3) Trend

Trend is generally defined as “the long-term chaimgihe mean level”. However, this definition
seems to be constrained by what is meant by “leng’t There could be situations where a
cyclical behaviour is observed only over a veryggeriod of time, such as 50 years. Therefore,
in such situations if we consider only 20 yeardad#hen this long-term oscillation would appear
to be the trend whereas if several hundred yeaatd evere considered, then the long-term
oscillation would be very visible. Granger defirfidend in mean” as comprising all cyclical
components whose wavelength exceeds the lengtteaftiserved time series [61].

(4) Other Irregular Fluctuations

After trend and cyclical variations have been reatbfrom a time series, we are left with a series
of residuals, which may or may not be “random”. fehmay still be some cyclical components in
these residuals and a proper spectral analysistbgliseful for checking the cyclicality of the

residual series.

Just as in complex systems it is important to sthéyparts and the relationship between the parts
to understand the behaviour of the system, in cemfime series it is important to study the
various parts (components) of a series and théoehip between them to better understand the
behaviour of the time series. To be able to dodffictively, the first step is the decompositidn o
complex time series into simpler units or composemtaditional time series analysis methods
involve decomposing a series into trend, seasomghktion, other cyclical changes and the
remaining “irregular” fluctuations. However, thisebmposition can be unique and effective only
if certain assumptions about the underlying phemamef the process are made, for example

nonstationarity.

Severalad hoctechniques exist for decomposing time series.dxample the trend component
can be removed by computing a first differencehefgiven series(— x.;). Similarly, the annual
(12-monthly) seasonal component in a monthly sez@s be removed by computing a twelfth
difference ¥ — %.12). However, these techniques may not give an ateuepresentation of the
actual components of a time series, especiallyomstationary and noisy data. Moreover, such

techniques merely offer a transformation rathenthalecomposition where various components
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(decompositions) can be linearly added to get libekoriginal signal. Wavelet multiresolution
analysis (MRA) offers a systematic, linearly additidecomposition of a time series based on
timescales. We will show in the following sectionew wavelets can uniquely deconstruct a
given time series into its various components amd fve can study these components separately
and the relationships amongst them to better utatetthe dynamics of the original series and

system under study.

3.2 Wavelet Filtering

Wavelet filtering provides a natural platform toatlevith the time-varying characteristics of real-
world time series and is not restrained by the ragsion of stationarity. A number of concepts,
for example, nonstationarity, multiresolution, aquproximate decorrelation have emerged from
wavelet filters [54], [118]. The multiresolution gperties of economic, biological, and physical
processes can be easily studied using waveletsfilldne wavelet transform decomposes a process
into different time horizons (timescales). Thisliépiof the wavelet transform makes it useful in
differentiating seasonalities, revealing structused¢aks and volatility clusters, and identifying
local and global dynamic properties of a procesthese timescales. The wavelet transform is
closely related to band pass filters with propert@milar to those used in business-cycle
literature. Moreover, wavelet filters provide a wenient way of dissolving the correlation
structure of a process across different timescaleis. means that the wavelet coefficients at one
level (scale) are not much associated with coeffits at other scales. Equally, they are also not
much associated within each scale. This is conwémiaen performing tasks such as modelling a
process, since it is easier to deal with an untaige process as compared to an unknown
correlation structurdn addition to the above, wavelets are nonparamegidls for signal analysis
and hence no parameters need to be set beforebiacdrfying out an analysis using wavelets.
The wavelet transform is readily implemented useglat's pyramidal algorithm [97] and hence
has been termed as a “formal method” for decompositime series into its various components
by Ramsey [127].

3.2.1 Discrete Fourier Transform

Since wavelet analysis istiane-frequencynalysis technique, a natural starting point festudy
would be the so calleftequencydomain analysis. The Fourier transform is the stiffequency
domain analysis available for analyzing time sedesa and the wavelet analysis builds and
improves upon concepts derived from the Fouriendi@m. The discrete Fourier transform
(DFT) or the fast Fourier transform (FFT) can apprate a discretely sampled process (time

series)x via a linear combination of sines and cosines. Eddhese sines and cosines is itself a
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function of frequency and hence the DFT may be seea decomposition on a frequency-by-
frequency basis [54], [20].

According to the Fourier theory, a signal may hageeral sinusoidal components, possibly with
different amplitudes (sizes), different phases, aifferent frequencies. Hence any infinite
sequence or time serigsmay also be viewed as a combination of an irdinitmber of sinusoids

with different amplitudes and phases,

X, =%T[:TX(f)e‘2’ﬁdf, 3.4

wherei = V-1 is an imaginary number arfis the frequency. In Eq (3.4, (f) is given by,

X(f)= Y xe™™ 3.5
t=—0c0

Eq (3.4) is referred to as tlmverse Fourier transformand Eq (3.5) is thEourier transformof
X. Egs (3.4 & 3.5) constitute lBourier representatiorof the sequenc®, and hence they are
called aFourier transform pair Eq (3.4) is also known as thsynthesis equatiomsince it
represents the original sequengas a linear combination of complex sinusoids itégimally
close in frequency witlX (f) determining the relative weight of each complewsbid. Similarly,
Eq (3.5) is known as thenalysis equationvhich analyzes the original sequengeto determine
how much of each frequency component is requireymthesize it [15]. We can wriigandX (f)

as a Fourier transform pair,

> 1
D% = [ X 36

t=—00

which is known adParseval’s theoremin Eq (3.6), the left hand side is the total gyein the
signal, which may be obtained by integrating thergy per unit frequenc¥ |(f)|/2/over 277
interval of discrete-time frequencies. The squanednitude of the Fourier transfori,|(f)?, is

known as thenergy density spectruan thepower spectrunof the signak, [114].

If x, were a finite sequence instead of an infinite dhen its Fourier representation would be

given as,
1 N-1 .
xt=ﬁzxke'2"k‘,t:0, 1,..,N-1 3.7
k=0
and,
N-1 )
X, =Y xe'™ k=0,1,...,N-1 3.8

t=0

wheref, = k/N. In this case, the Parseval’s relation of Eq (828) be re-written as,
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N-1 N-1
21 2
p3y =NZ|XK| : 3.9
t=0 k=0
We will now consider an example to demonstratectraputation of the Fourier transform in a

discrete time setting. Let us consider a time sagenerated by Eq (3.10), whegés a normally

distributed random variable with zero mean and wuaitance.

27t 27t
X =C0§ —— |+C0o3 —— | +§
12 20

= COoS@rft) +cos@rf,t) +¢,.

3.10

This time series also has two cyclical componerits time periods of 12 and 20 sinfie= 1/12
andf, = 1/20.
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Figure 3.2Time series described by Eq (3.10) and its Foymdsver spectrum.

The top plot of Figure 3.2 shows a sample of theetseries described by Eq (3.10) foe 200
Although there are two distinct periodic componeintghe signal, the random component
makes it difficult to identify these componentstire time domain representation of the signal.
The bottom plot of Figure 3.2 shows the Fourier pogpectrum analysis of the original signal:
we can clearly observe two distinct peaks at a tpegod of 12 and 20 respectively. This
indicates that the Fourier analysis has been abfgck up the two cyclical components of the
original signal.

From our discussion so far, we can conclude thatRburier transform is a good alternative to

time domain analysis in that it can give us the @ogamplitude) of the contributing frequencies
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to the underlying signal. However, real-world tireeries are intrinsically nonstationary and
exhibit quite complicated patterns over time (e.gends, abrupt changes and volatility
clustering). The Fourier transform cannot accuyatalpture these events since it just transforms
the signal from time domain to the frequency dontzsed on the assumption that the signal is
composed of several sinusoids of varying frequend#oreover, if the frequency components of
a signal are not stationary (that is they appesgpgpear and reappear over time), the Fourier
analysis may miss them out. The Fourier transfamhe seen as summarizing information in the
data as a function of frequency and hence it doépreserve information in time. This is quite
contrary to how we perceive and observe real-wtne series where no frequency resolution

exists.

Dennis Gabor realized the shortcoming of the Four@nsform in that it eliminates all time
resolution in lieu of frequency resolution. He atfged to achieve a balance between time and
frequency by sliding a window across the time seaed computing a Fourier transform in each
window [51]. This is known as the Gabor transformgbort-time Fourier Transform (STFT). The
STFT is simply the same as applying the Fouriersfiarm to several pieces of a time series. The
resulting expansion is a function of two parameti#esqjuency and time shift. The key drawback
of the STFT is its fixed window width: this meast it will be unable to resolve nonstationary
events if they fall within the width of the window such a case the lack of time resolution of the
Fourier transform will again come into play. In gesl, simultaneous time-frequency resolution
cannot be achieved because of the Heisenberg'srtamtg principle. Heisenberg, in his
uncertainty paper of 1927 said, “The more precisiedyposition is determined, the less precisely
the momentum is known in this instant, and vices&ér[71]. This statement expresses the
“uncertainty relation” between the position and tm®mentum (mass times velocity) of a
subatomic particle, such as an electron, in thig ftg Quantum Mechanics. Philosophically,
scientists often refer to the Heisenberg uncestgiminciple as the “principle of indeterminacy.”
For signal processing, this rule translates ineof#tt that a signal does not simultaneously have a
precise location in time and precise frequencyasdesee Section 3.2.2 for more details.

3.2.2 Discrete Wavelet Transform

To overcome the fixed time-frequency partitionifgttee STFT, a new set of basis functions is
needed. The wavelet transform utilizes a basistiomccalled the mother wavelet to capture

features that are local in time and local in fragye

Figure 3.3 introduces this concept by showing t@dations and dilations of a square wave
function, which is based on the Haar wavelet filiggure 3.3a shows the function in its original

form while Figure 3.3b shows the same functiontetibackward in time. The wavelet filter is
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long in time when capturing low-frequency eventg(fFe 3.3c), and hence a good frequency
resolution is achieved. Conversely, the wavelethisrt in time when capturing high frequency
events (Figure 3.3d) and hence a good time resaluis achieved. By utilizing several

combinations of the shifted and stretched mothereles, the wavelet transform captures all the
pertinent information in a time series and assesidtwith specific time horizons and locations.

This makes the wavelet transform an ideal tool didying nonstationary and transient time

series.
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Figure 3.3Application of translation and dilation to squaremwe function.

The Heisenberg uncertainty principle has not baetated, it has just been played with to our
advantage. The Fourier transform and the STFTfimetion of frequency whereas the wavelet

transform is a function of timescale. If the timascincreases, then the wavelet basis is
1 Stretched in time domain,
2 Shrunk in the frequency domain, and
3 Shifted toward lower frequency.

Conversely, if the timescale decreases
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4 Time support reduces,

5 Number of frequencies captured increases, and

6 The output shifts towards higher frequencies.

Figure 3.4 shows the partitioning of the time-freqcy plane by the Fourier transform, the STFT

and the wavelet transform.

Time Domain (b)
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[ (3]
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Figure 3.4 Partitioning of the time-frequency plane by diéfet techniques.
In Figure 3.4:

(a) Shows the frequency domain after computing Foarier transform, representing a

perfect frequency resolution and no time resolution

(b) Shows the time domain representation of theemesl time series with perfect time

resolution and no frequency resolution.

(c) Shows a balanced resolution between time asguéncy by using short-time Fourier

transform (STFT).
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(d) Shows the wavelet transform, which adaptivelstifons the time-frequency plane.

From Figure 3.4d we can see that as the frequermgases, time is more heavily partitioned
across longer ranges of frequencies. This is tiec$dbalance the wavelet transform is able to
accomplish to analyze signals. By giving up songgdiency resolution, the wavelet transform

captures events that are local in time.

The Haar Wavelet

We begin our mathematical discussion on waveleth e simplest wavelet filter, the Haar
wavelet which was introduced in Figure 3.3. The Haavelet is a filter of length = 2 which

can be precisely described bystsaling coefficients

1
0,=9,= ﬁ ) 3.11
or equivalently by itsvavelet coefficientsh, = 1/v2 andh; = - 1/v2 through thequadrature

mirror relationship

h=(-2'g,,,, forl=0,.., L1 3.12
In Egs (3.11 & 3.12),g corresponds to the low-pass filter or scaling ficiehts andh,
corresponds to the high-pass filter or wavelet ficehts. We will follow this convention
throughout this dissertation. The Haar wavelepecgl since it is the only compactly supported
orthonormal wavelet that is symmetric [30]. TheaHélter also presents the basic properties
shared by all Daubechies wavelet filters, for exi@nprthonormality, and orthogonality to even

shifts. Orthonormality can be mathematically expeglsas,

'_
LN

h?* =1, 3.13

J1i
o

whereas, orthogonality to even shifts can be esprkss,

L-

Zh| o = Zh| o =0, 3.14

|= | =—c0

=

for all non-zero integers where by definitiorn, = 0 for | <0 andl > L.

Daubechies Families of Wavelet Filters

A wavelet family consists of all wavelet basis west over all scales and translations, derived
from a single wavelet filter (omother wavelgt Two wavelet families that we have used
extensively in our analyses were developed by th@aubechies. These are callextremal
phaseandleast asymmetriavavelets. The Daubechies extremal phase filtezsrefierred to as

‘D(L)' whereas Daubechies least asymmetric filtersefegred to asLA(L)'.
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Wavelet filter coefficients for the D(4) wavelet,umit scale, are defined to be,

1\/_hl -3+4/3 3+\/_ andh, = -1-4/3
42 4\/5’2 a2 a2

Similarly, the scaling coefficients for the LA(8jJtér, which have been taken from [118], are

h, = 3.15

given in Table 3.1 below.

Table 3.1Scaling coefficients for the Daubechies least asginimwavelet filter of length. = 8.

0o = -0.0757657147893407
01 = -0.0296355276459541
g = 0.4976186676324570
g = 0.8037387518052160
gs = 0.2975779560554220
g5 = -0.0992195435769354
05 = -0.0126039672622612

0.0322231006040713

07

We recall that the scaling filter is related to thavelet filter via the quadrature mirror filter
relationship given by Eq (3.12). More details abthét scaling coefficients defining Daubechies
families of wavelet filters of varying lengths che found in [30]. Also, the orthonormality (Eq
(3.13)) and orthogonality to its even shifts (EqLé]) seen for the Haar wavelet filter is shared by
both Daubechies families of wavelet filters disatstiere. These can be succinctly expressed
using thesquared gain functioof the wavelet filter [54].

Haar

T

||

D(4)

— N

LA(8)

~/\~

Figure 3.5Haar, D(4) and LA(8) wavelet filters for scale 6.
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Some common wavelet filters or wavelet basis vecttaken from the sixth level of
transformation are shown in Figure 3.5. As the tlengf the wavelet filter increases the
smoothness of the basis function increases. Howéwerincreased length, while improving the
filters’ approximation to an ideal band-pass filtermplifies boundary effects encountered
whenever finite time series are analyzed. From fei@i5 we can see that the Haar wavelet filter
is a simple square-wave function, the D(4) is qyatgged with a self-similar or fractal-like
appearance to it and the LA(8) is quite smooth\anrg close to being symmetric. When choosing
a wavelet filter, we must bear in mind that th&efilshould agree with the underlying structure of
the physical process it is analyzing. For examiple/e are analyzing a self-similar fractal time

series then we might find the D(4) filter quitetabie for this task.

Implementation of the Discrete Wavelet Transform

In this section we will discuss the implementatadrthe discrete wavelet transform (abbreviated
as DWT) in greater detail. Let be a dyadic lengthN = 2°) vector or discrete time series of

observations. The lengtlvector of discrete wavelet coefficientss obtained via,

w = WK, 3.16
whereW is an N x N orthonormal matrix defining the DWThél vector of wavelet coefficients

may be organized intd+ 1 vectors,

W= [W].! W21 LR ) WJ! VJ]Tv 3.17
wherew; is a lengthN/2 vector of wavelet coefficients associated withrzjes on a scale of
length A; = 2" andv; is a lengthN/2’ vector of scaling coefficients associated withrages on a

scale of lengtt2A, = 2.

The matrixW is composed of the wavelet and scaling filter ficieihts arranged on a row-by-row

basis. Let,

hy = [Ny Poneas o s hid 3.18
be the vector of zero-padded unit scale wavel&rfitoefficients in reverse order. That is the
coefficientshy o, ..., h .1 are taken from an appropriate orthonormal wavieletily of lengthL,
and all values such that< t < N are defined to be zero. Ndw s circularly shifted by factors of

two such that,
hl(Z): [hl,l1 hl,01 hl,N—l1 hl,N—Z’ ey h1,31 hl,2]T1 319
h1(4): [hl,3’ ey hl,O’ hl,N—l’ hl,N—21 ey hl,51 hl,4]T1 320

and so on. Thé&l/2 x N dimensional matriXV; is defined to be the collection b2 circularly

shifted versions dfi;; that is,
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Wi = [h,@, b @ h ™D ]t 3.21

Let h, be the vector of zero-padded scale 2 wavelet fibefficients defined in the same way as
Eq (3.18). The matriX\V, is constructed by circularly shifting the vectgrby factors of four. This
procedure is repeated to construct matritedy circularly shifting the vectan; (vector of zero
padded scalpwavelet filter coefficients) by factors & The matrixV; is simply a column vector
whose elements are all equallidN [104]. The structure of tHg x N dimensional matrixV is
seen through the sub-matridds, W, ..., W; andV; via,

w,
W2
W =|: . 3.22
W,
LV

i
To complete our construction of the orthonormalrirdl/, we must be able to explicitly compute

the wavelet filter coefficients for scalés..., J. The wavelet filteth, is associated with unit scale

and it satisfies Egs (3.13 & 3.14). Given the tfangunctions of unit scale wavelet and scaling
filters, we can define the wavelet filtéy, for scaled, = 2'* as the inverse discrete Fourier
transform (DFT) of,

j-2

vak:lel,lmodNDGlz.kmodN,k:O, ...y N-1 3.23
The modulus operator is required to deal with tlwridary of a finite length vector of
observations. The resulting wavelet filter asseclatith scalel; has length,

L=@-1L-1)+1 3.24

Also, the scaling filteg; for scale/; is defined as the inverse DFT of,

J-1
Gj'k - ':l) Gl2'kmodN ’k =0,...,N-1 3.25

In practice, the DWT is implemented via Mallat’'srgsnidal algorithm [97] that starting with the
datax, filters a series usiniy, andg;, subsamples both filter outputs to half their wrdd) lengths,
keeps the subsampled output from thélter as wavelet coefficients, and then repeatsahove
filtering operations on the subsampled output ftbeng; filter. A flow diagram for the first stage
of the pyramidal algorithm is shown in Figure 3.6&ere the symbq) 2 means that every other

value of the input vector is removed (downsamphe@)o
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Figure 3.6aFlow diagram illustrating the Figure 3.6bFlow diagram illustrating the
decomposition ok into the unit scale wavelet reconstruction ok from the unit scale wavelet
coefficientsw; and the unit scale scaling coefficientsw; and the unit scale scaling

coefficientsv,. coefficientsv,.

For each iteration of the pyramidal algorithm, veguire three objects: the data vectorthe
wavelet filter h;, and the scaling filteg;. First iteration of the pyramidal algorithm begibg
filtering (convolving) the data with each filter tobtain the following wavelet and scaling

coefficients,

L1 L-1
Wy, = Z Y Xoa1imoan ANA V= Z 0 X5t41-1 modN 3.26
I=0 1=0

wheret = 0, 1, ..., N/2-1From Eq (3.26) we note that the downsampling apg@n has been
included in the filtering step through the subscapx. TheN length vector of observations has
been high- and low-pass filtered to obthif? coefficients associated with this information. eTh
second step of the pyramidal algorithm starts Hinotg the “data” to be the scaling coefficients
v; from the first iteration and applying filtering em@tions as above to obtain the second level of

wavelet and scaling coefficients,

'_
LN

L-1

Wy = D Vo mean @Nd, Vy, = Z O V121411 modn 3.27
[ =0

I}
o

t=0, 1, ..., N/4-1Keeping all vectors of wavelet coefficients, aheé final level of scaling
coefficients, we have the following lengthdecompositiorw = [w; W, V5] . In the same manner,
after the third iteration of the pyramidal algonthwhere we apply filtering operations ¥g the
decomposition now looks likev = [w; W, ws V5], and so on. The above procedure may be
repeated times where) = log, (N), and gives the vector of wavelet coefficients q(B.17).

Inverting the DWT (that is getting back the oridisggnal) is achieved through upsampling the
final level of wavelet and scaling coefficients,ngolving them with their respective filters
(wavelet for wavelet and scaling for scaling) amftling up the two filtered vectors. A flow
diagram for reconstructingfrom the first level wavelet and scaling coeffidieectors is given in
Figure 3.6b. The symbdl 2 means that a zero is inserted before each aigamninw; andv,
(upsampled by 2). Starting with the final leveltbé DWT, upsampling the vectons andv; will

result in two new vectors,
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wy = [0wie]" andvy’ = [0vio]" . 3.28

The leveld -1 vector of scaling coefficients_;is given by,

L-1 L-1
— 0 0
VJ—ZLt - Z I"\WJ,'HI mod2 + Z gIVJ,t+I mod2 ? 3.29
1=0 1=0
t = 0, L We notice that the length ef, is twice that ofv;. The next step of reconstruction
involves upsampling to produce,
0 T 0 T
Wip = [0W00Wy ] andvyy” = [0Vi100 V], 3.30
and the level -2 vector of scaling coefficients., is given by,

L=

L-1
— 0
VJ—2,t - hwg—1t+l mod4 + Z gIVJ—:Lt+I mod4 3.31
1=0

N

t=0, 1, 2, 3 The above procedure may be repeated until teeléwel of wavelet and scaling
coefficients have been upsampled and combineddduge the original vector of observations,
that is,

L-1 L-1
Xt = Z I"\W:I(:HI modN + Z gIV:I?HI modN 3.32
1=0 1=0
t=0,1, ..., N-1This is displayed in Figure 3.6b.

We now apply the DWT to the daily IBM stock pridesm May 17, 1961 to November 2, 1962.
This is a classic dataset exhibiting pronouncechgés in its variance structure and has been
studied in Box and Jenkins [18]. This series has been analyzed for changes in variance in [78]
and [32]. Before applying the DWT, we compute aimetseries for the given time series via the
first difference of the log-transformed prices attfs,r; = In (p) — In (p.1). Figure 3.7 shows the
results of the analysis: the return series is @tbth the upper row while the wavelet coefficient
vectorswy, ..., W, and scaling coefficient vectos using the Haar wavelet are shown in the lower
rows of the figure. The first scale of the waveteefficientsw; are filtering out the high-
frequency fluctuations by essentially looking ajaadnt differences in the data. The returns are
rapidly fluctuating in the interval of 230 to 32&part fromwy, this interval of rapid fluctuations

is also evident imv, where a change in magnitude of the coefficientsbiserved between 230 to
322. However, the change in magnitude (between@322) forw, is smaller than that observed
for the unit scale coefficientsy;. The vector of observations, is associated with changes of
scaled,. Since the IBM series does not exhibit low-freqeyenscillations, the higher scale (low-
frequency) vectors namely; andw, do not show large variations from zero. The sagrteuie for

the scaling coefficients, which are associated aitbrages of scal®l, or greater.

-53-



Chapter 3

» 008 ‘ |
£ A oA At A P Ap I\
5 002 ey MfbrAry el wh iy
8 o !
0 46 92 138 184 230 276 322 368
0.08
< 0 A O 5 28 i N NP SE g e N N N N,
5 (002 I 2 & e PR S
0.12 °
0 46 92 138 184 230 276 322 368
0.08
~ oPoerese, Setete 200 2% ee 0% 00e oo o e
$'|002 b 5
.
0.12
0 46 92 138 184 230 276 322 368
0.08
2[00z ettt .
0.2
0 46 92 138 184 230 276 322 368
0.08
. .
= (002 —*
0.2
0 46 92 138 184 230 276 322 368
0.08
< . PR S R P P
S o002 - L
0.2
0 46 92 138 184 230 276 322 368

Figure 3.7 Wavelet decompositions of IBM return seribs< 368 using Haar wavelet filterdlegative
values are shown in red

Multiresolution Analysis

We have seen in the previous section how we cantheseDWT to study variations and
fluctuations in a given signal at different timdssa However, as we keep on decomposing the
subsampled output from thg filter according to Mallat's pyramidal algorithririgure 3.6a), we
keep losing half the data points at each levehefdecomposition (Eq (3.26) and Eq (3.27)) and
as such the wavelet coefficient vectors becomesspair higher levels (Figure 3.7). As discussed
in Section 3.1, for efficient time series analysig, would prefer a decomposition where the sub-
series have the same number of samples as th@argignal and they are linearly additive at
each time index, that is we can add all the sub-series to get baeloriginal signal. The sub-
series for an additive decomposition will give usidea of the exact location of temporal events
and fluctuations in a given time series. Moreoweith the above methodology, complex time
serial data can be broken down into simpler adelisivb-series (with the same number of samples
as in the original) which can be studied and inttgal separately and the results combined
(aggregated) to throw light on the dynamics ofdhginal signal.

Using the DWT, we may formulate an additive decosiijan of a series of observations. ldet

WTJ-WJ- forj =1, ..., J define thgth level wavelet detailassociated with changesxrat scale);.

The wavelet coefficients; = Wx represent the portion of the wavelet analysishaitable to
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scale/;, while WTjwj is the portion of the wavelet synthesis attribugatol scale;. For a lengthN
= 27 vector of observations, the final wavelet detgil = V'V, is equal to the sample mean of the

observations.

A wavelet multiresolution analysis (MRA) may now thefined via,
J+1
X =Yd, t=0, .. N1 3.33
=1

That is, each observatior, is a linear combination of wavelet detail coefiuis. Let
S, = Z::ﬂdk define thejth level wavelet smootlior 0 <j < J, wheres;.; is defined to be a

vector of zeros. Whereas the wavelet defgit associated with variations at a particular el

is a cumulative sum of variations and will be snh@otand smoother gsincreases. In fact

X—s; = Zizldk so that only lower scale details (high-frequerestdires) will be apparent. The

jth level wavelet rough characterizes the remainimgefescale details through =z|i:1dk for

1 < j < J+1, wherer, is defined to be a vector of zeros. A vector ofaylations may thus be
decomposed through a wavedetoothandroughvia,

X=g+r;, 3.34
for all j. Percival and Walden use the terminology “detaifitd “smooth” to describe additive

decompositions from wavelet transforms [118].

X
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Figure 3.8 Flow diagram of Mallat's pyramidal algorithm forawelet MRA.

According to Percival and Walden, for a ledgbecomposition, we may write Eq (3.34) as,
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‘]0
X=Yd; +s, 3.35
i=1

where, as before, the detail represents changes on a scalelof 21 while the smoothsy,
represents averages of a scal@byf = 2’°. Based on the wavelet MRA defined by Eq (3.35), we
present a generalized flow diagram of Mallat's pyidal algorithm in Figure 3.8. Her& andH
represent a bank of low- and high-pass filters @espely. It is also clear that as we keep on
decomposing the output from the low-pass filterksathe frequency of the resulting signal keeps

on decreasing or conversely the timescale keefrscogasing.
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Figure 3.9DWT MRA of IBM volatility series using D(6) waveléilters. Negative values are shown in
red.

We now examine the volatility, = |ry| = |In (p) — In (p.1)| of the IBM stock prices through a
DWT MRA. The volatility series is plotted in thepaow of Figure 3.9 and just as the returns it
exhibits a burst in volatility between observatid80 and 322. A DWT MRA using the D(6)
wavelet filter is shown below the volatility series Figure 3.9. The five rows below the input
data display the first four wavelet details and glavvsmooth that form an additive decomposition
via Eq (3.35). That is at each time indgxadding up the wavelet detail coefficiedfs j = 1, ...,

4, and the wavelet smooty, will produce the coefficient;.. All the information contained in the
volatility series has been perfectly captured im BiRA and no anomalies have been introduced
as a result of the procedure. According to the D{RA, the large fluctuations in volatility occur
across the first three scaled, (d, and ds) between trading days 230 to 322. There is a tdck
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volatility activity at the fourth scaledf). However, the broadband feature of the volathityst is
succinctly captured by the wavelet smoatf).

3.2.3 Maximal Overlap Discrete Wavelet Transform

In the previous section we introduced the DWT asalternative to the DFT for time series
analysis. The DWT generates coefficients that @callin both time and frequency. The maximal
overlap discrete wavelet transform (MODWT) is aiaatr of the DWT. The term maximal

overlap comes from the relationship of the MODWThwéstimators of the Allan variance [2],
[117]. In the computation of the MODWT, the filtereoutput isnot subsampled as in the

computation of the DWT (Figure 3.6a). The MODWT egvup orthogonality in order to gain
features that the DWT does not posses. As a rasuthe MODWT, the wavelet and scaling

coefficients must be rescaled to retain the vaggreserving property of the DWT.

Percival and Walden provide the following propertibat are important in distinguishing the
MODWT from the DWT [118]:

1. The MODWT can handle any sample size, whereas)th order DWT restricts the

sample size to a multiple af°.

2. The detail and smooth coefficients of a MODWT MRre associated with zero phase
filters. This means that temporal events and padtein the original signal are

meaningfully aligned with the features in the MRA.

3. The MODWT is invariant to circularly shiftingehoriginal time series. Hence, shifting
the time series by an integer unit will shift thawelet and scaling coefficients by the
same amount. This property does not hold for thNéTDbecause of the subsampling
involved in the filtering process.

4. While both DWT and MODWT can perform an analydfizariance (ANOVA) on a time
series, the MODWT wavelet variance estimator isrgsptically more efficient than the
same estimator based on the DWT [116].

Let x be an arbitrary lengthl vector of observations. The length + 1)N vector of MODWT
coefficientsw is obtained via,

W =Wk, 3.36
where W is a(J + 1)N x N matrix defining the MODWT. The vector of MODWT d&eients
may be organized intd+ 1 vectors via,

W=[W,, W,,...,W,,V,]", 3.37
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where VT/]- is a lengthN vector of wavelet coefficients associated withrdes on a scale of length

A—2tandV, is a lengthN vector of scaling coefficients associated withrages on a scale of

21, = 2, just as with the DWT.

Similar to the orthonormal matrix defining the DWIhe matrixW is also made up of +1

submatrices, each of thexhx N, and may be expressed as,

l

B

=3
I
St =

3.38

Instead of using the wavelet and scaling filterBngel for the DWT, the MODWT utilizes the
rescaled filtersj(=1, ..., J

h,=h, /2" andg, =g/2’, 3.39
To construct théN x N dimensional submatrM/T/l, we circularly shift the rescaled wavelet filter

vector h, by integer units to the right such that,

Vvl = [Fll(l)’EI.(Z)'ﬁ(s)""!ﬁ(N_Z)yE(N_l),Fll]T . 3.40

The above matrix may be interpreted as interweasfripe DWT submatrixV; with a circularly

shifted (to the right by one unit) version of ifseThe remaining submatrice‘d\gvlz,...,VT/J are

formed just like Eq (3.40) Wherﬁl is replaced b)ﬁi .

Just like the DWT, a pyramidal algorithm is utilizeo compute the MODWT wavelet and scaling
coefficients. We start with the dakta(which is no longer restricted to be of dyadic ngand
filter it using ﬁl and g, to obtain the lengthl vectors of wavelet and scaling coefficientg, and

V, respectively. This is similar to the operationaiised in Figure 3.6a except the fact that no
downsampling is performed.

For each iteration of the MODWT pyramidal algorithwe require three objects: the data vector
X, the wavelet filterﬁ and the scaling filteg, . The first iteration of the pyramidal algorithm

begins by filtering (convolving) the data with eafiber to obtain the wavelet and scaling

coefficients,
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L-1
Wi Zh,XHmOdN and =Zg “ImodN 3.41
1=0
wheret =0, 1, ..., N -1The lengthN vector of observations has been high- and low-pkssed

to obtainN (redundant) coefficients associated with this rimfation. The second stage of the
MODWT pyramidal algorithm starts by defining thetal#o be the scaling coefficienig from

the first iteration and applying the above filtgrioperations to obtain the second level of wavelet

and scaling coefficients,

L-1 L-1
Wy = D Vo mean @NA Vo = > G Vi moan » 3.42
1=0 1=0
wheret =0, 1, ..., N -1Keeping all vectors of wavelet coefficients atig final level of scaling

coefficients, we have the following length decompositionw =[W,W,V,]" . Similarly after the
third iteration of the pyramidal algorithm where \apply filtering operations to/, we have
W =[W,W,W,V,]" . The above procedure may be repedttiches wherel = log, (N) to get the
MODWT coefficients of Eq (3.37).

Inverting the MODWT is achieved through convolvitige final level of wavelet and scaling

coefficients with their respective filters (wavefet wavelet and scaling for scaling) and adding

up the two filtered vectors. Starting with the fifevel of the MODWT, the vectorsw, andV,

are filtered and combined to produké vector of scaling coefficients,_, , given by,

-

-1

L-1
J -1t Z Jt+lm0dN g V s+ modN ? 3.43
1=0

n
o

wheret = 0, 1, ..., N -1We notice that the length of,_, is the same ag, . The above procedure
may be repeated until the first level of waveledl a&caling coefficients have been combined to
produce the original vector of observations; teat i

L=

~ L
Xt = h |,t+1 modN + Z glvl,t+l modN 3.44
1=0

1=0

LN

wheret=0, 1, ..., N-1

Let us consider an example to illustrate the coatprt of the MODWT. Figure 3.10 shows a
level J = 4 MODWT performed on the IBM return series using thaar wavelet filters. We

notice that there ar® wavelet coefficients at each scale because the WDDOloes not
subsample after filtering. The first scale of watadoefficientsw, contain the DWT coefficients

of Figure 3.7, scaled by/N2, and also the DWT coefficients appliedxaircularly shifted by
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one. This means that the MODWT coefficients argatated and will appear smoother than the
DWT coefficients. This is more noticeable when wavento higher scales (lower frequencies).
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Figure 3.10MODWT decomposition of the IBM return seri@é € 368 using the Haar wavelet filters.
Negative values are shown in red

Multiresolution Analysis

An analogous MRA to that of the DWT may be perfadmsing the MODWT via,

J+l
X =>d; ,t=0,..,N1 3.45

j=1

where 6“ is thetth element ofaj :V\~I1-T\ij forj=1, ..., J We may also define the MODWT-

based wavelet smooths and roughs to be,

I+l i~
5, = >.dy, andf;, =>d,,,t=0,...,N-1 3.46
k=J+1 k=1

respectively. Walden and Percival define the Idy@élODWT MRA as [118],

x=>'d;+5, , 3.47
=1

where d’i is thejth level detail while's’Jo is theJoth level smooth. A key feature to the MODWT

MRA is that the wavelet details and smooth are @ated with zero-phase filters. Thus,
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interesting features in the wavelet details andamomay be perfectly aligned with the original
time series. This property is not possessed byDMA since it subsamples the output of its

filtering operations (Figure 3.6a).
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Figure 3.11MODWT MRA of IBM volatility series using D(6) walet filters. Negative values are shown
inred

Figure 3.11 shows a MODWT MRA performed on the IBMlatility series using the D(6)
wavelet filter. When compared with Figure 3.9, thetoes not seem to be any obvious
“contamination” by the wavelet basis function. Tduerelation between coefficients is effectively

smooth over features specific to the wavelet filigris implies that even if we use non-smooth

filters like Haar we will observe reasonably smauttvavelet details and smooths. Sina(? and

§j are associated with zero phase filters, featurethe original time series are meaningfully

aligned with the MRA. Thus the burst in volatilibetween 230 and 322 is perfectly captured in
time by the MODWT wavelet details. The wavelet sthaghows a significant bump in the same

region, indicating that this volatility change ibmadband feature of the volatility series.

3.3 Wavelet Variance and Covariance

The classical method of decomposing the varianca sfationary time series is through the
spectral representation theorgii25]. The spectral representation theorem allosvio express a

discrete stationary process as an infinite sumoofipiex exponentials with random amplitudes
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and phases, which is called the integrated spedtifim If | (f) is differentiable everywhere then
its derivative S(f) is defined to be thespectrumor spectral density functiofSDF). If the

autocovariance sequence (ACY®f x is square summable, thatE yfv, <o, then the SDF of
X may be expressed as the Fourier transform of@¥g3via,

S(f)= >y, for|f|<1/2 3.48

Eq (3.48) implies that the spectrum exhibits lazgefficients when the sinusoid associated with a

particular frequencyis highly correlated wity, , .

*A Note on Autocovariance Sequence (ACVS)

Let {X : t=..,-1,0,1, ..} be a discrete parameter reals®dl stochastic proces
which by definition is a sequence of random vagakihdexed over the integers. When
the independent variabtes instead taken to vary over the entire real,dkis stochastic
process is said to have a continuous parameter.

v

e  Stationarity and autocovariance sequence

The process X} is said to be second order stationary if it da&ts the following two

properties:

(1) E{X¢ = px for all integerst; i.e., the expected value of tifecomponent, of the
process ¥} is equal to a finite constapi which does not depend ¢grand

(2) Cov {X, X = sx.for all integerst and 7; i.e., the covariance between any two
componentsX; and X.., of the stationary process({ is equal to a finite constar]
sx-Which depends only on the separatiobetween the indicesandt + rof the
components.

—

The sequencesf, : 7 = ..., -1, 0, 1, ...} is called th@utocovariance sequence
(ACVS).

The wavelet transform has proven to be very effedm studying local features in a time series.
The wavelet decomposition offers a good local regméation of a time series since it efficiently
partitions the time-frequency plane by using shasis functions for high-frequency oscillations
and long basis functions for low-frequency osditlas (Figure 3.3). An important characteristic
of the DWT and the MODWT is their ability to decooge (analyze) the variance of a stochastic

process.

In the previous section we discussed that a vemtowavelet coefficients is associated with
changes at a particular timescale. For exampldetredj wavelet coefficientsy,;, are associated
with changes on a scale df = 2. Applying the DWT to a stochastic process produaes
decomposition on a scale-by-scale basis. By decemga@ given time series into wavelet sub-
series, we now look at the computation of the vexdéaof a stochastic process on a scale-by-scale

basis.
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Let x. be a real-valued stochastic process, which mayhaet a zero mean or be stationary. The
time-varying wavelet variancéor x is defined to be the variance of the scdlewavelet

coefficientw;;, given by,

1
o:(A) = oy var(w,). 3.49
]

If we assume that the wavelet variance is indepanof, that isx is a stationary process, then
we may write the time-dependent wavelet variancEg{3.49) as théme-independent wavelet

varianceor simply thewavelet variance

1
oi(A)) = oy Var(w,,). 3.50
]

While the SDF decomposes a process on a frequenfngdpuency basis, the wavelet variance

decomposes the variancexpbn a scale-by-scale basis via [116],

> 2(A) =Var(x,). 3.51
=1

The scale; is associated with the frequency intenl™, 1/2], and we can use this property to

obtain an approximate relationship between the leavariance and the SDF rivia,

12}
o%(A)=2[ . S.(f)df . 3.52
The factor 2 is needed because the spectrum igseanfenction of frequency over the interval [
1/2, 1/3.
Estimation of the Wavelet Variance

Let us consider a dyadic length= 2’ realizationx = (X0, X, ..., X-1) Of the stochastic process
and apply the DWT of ordel, < J to produce the lengtN vector of wavelet coefficients. An
unbiased estimation of the wavelet variance isdasethe MODWT using,

1 N/2i7t

Gi(A,) = R > wl, 3.53

wherel | :|(L -2)1-27 ‘ is the number of DWT coefficients computed usihg boundary

and henceNj =N/2'-L'

; Is the number of wavelet coefficients at scgléhat are unaffected

by the boundary.

If we relax the requirement of a dyadic sample $ite= 2’), we may compute the MODWT of
orderJ, < log, (N) to produce the lengttd, + 1)N vector of wavelet coefficient®/. An unbiased

estimation of the wavelet variance based on the MQDs given by,
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~5 1 N—l_‘_2
Ux(ﬂj)=NT D W, 3.54

j t=L;-1
whereL; = (2'- 1)(L -1) + 1is the length of the scak wavelet filter andlqj =N-L; +1isthe
number of coefficients that are unaffected by tbaridary. The renormalization wiy; is not

required in Eq (3.54) since filtel’a associated with the MODWT are rescaled versionthef

wavelet filtersh, (Section 3.2.3).

Estimation of the SDF

We have studied how to compute the wavelet variaricg stochastic process(Egs (3.53 &
3.54)). We now want to be able to compute the SB&etl on the wavelet variance. Let us
reconsider Eq (3.52) which relates the waveletavee to the SDF. Under the assumption that

the width of the wavelet filter, is selected subhttEq (3.52) is a reasonable approximation, we
can estimat&, (.) using a function§x(.) that is piecewise constant over each interval'f1/2/2]

forj=1, 2, ..., 4. Thatis, we assume,

= 1 1
S(f)=C, WhenF<fs§ 3.55
whereC; is a constant defined such that,
(% s.(fdf = [ .5,(f)df = Nl 3.56
Joi+1 X T Yy TX - 2]-+1 .
Substituting the value of Eq (3.56) in Eq (3.52¢, nave,
2 - CJ 3
g, (4)) 5 57
Hence we can use,
A i
C, =210X()Ij), 3.58

to estimate the spectral density levels or the B&s$ed on the wavelet variance.

Estimation of the Wavelet Covariance

We have studied the computation of the waveletavae for univariate (one-variable) time series.
Here, we will investigate a multivariate generdiiza, calledwavelet covariancdor bivariate
time series. We will examine how wavelet methodglogan be extended to study two

concurrently recorded time series.

Suppose,

X= (X(), X1, . )ﬂj]_)
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= (X100 %20, (%1 %,2), ++0 (SN0 Xon-)

is a lengthN realization of a bivariate stochastic proc&ssApplying a MODWT of orded, <
log, (T) to each univariate process; and x,; would yield J length N vectors of MODWT

coefficients,

:(\Njo’W' ’---W' N—1)
((WLJO’WZJO) (W j 13 Wy, j1)e-o( 11N/2‘—1’W2,j,N/2’—l))

and lengthN vector of MODWT scaling coefficients,

V= (V50 V0V i)

((Vl.] 0)s(V550)s-V. 1], N/2J—1’V2,j,N/2J—l))'

An unbiased estimation of the wavelet covarians=tdan the MODWT is given by,

N-
W(/]j)=7 Z 2]|- 3.59
N; 1 25-
where Nj =N-L;+1. This estimate does not include any coefficientiected by the
boundary. We can also construct a biased estimaifothe wavelet covariance by simply
including the MODWT wavelet coefficients affected the boundary and a renormalization term
in Eq (3.59).

A MODWT-based estimation of covariance is generpisferred over the DWT-based estimation
of covariance. This is because the DWT-based e8timgX (1)) depends on the lag betwean
andx,; whereas the variance of the MODWT-based estimasdnvariant to lag between two
series. Since the lag between two time seriesrigrgdly not known, it is important to have an
estimator that is invariant to circular translatiand hence the MODWT-based estimation of

covariance [54].

3.3.1 Power Laws

An introduction to power law behaviour in time sariwas provided in Section 2.2.5. A power
law behaviour was demonstrated for the S&P 500 serées using frequency domain analysis,
more specifically the Fourier power spectrum analyBigure 2.15). We also discussed that a
Fourier-based power law analysis might not be blétéor studying nonstationary time series. In
this section we provide mathematical details foe tomputation of the power law. We
investigate, with specific examples, how we canwagelet-based ANOVA to study power law

behaviour in complex time series.
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Power law behaviour may be described by the folhgvgeneral equation,

f (x) = B, 3.60
wheref and a are constants. Taking a logarithmic on both sigle&q (3.60), a straight line

(graphlog f [X] vslog X of slopea and interceplog Sis obtained,

log f (x) = log (Bx”) = log B+ log X' =log B+ alog X, 3.61
where ¢ is the power law exponent. From Eq (3.61) it implibat the power law behaviour is
scale invariant, that is, if a variableis replaced byAx’, where A is a constant, then the
fundamental power law relationship remains unattele frequency domain analysis, if dynamics
follow a power law, then a log-log representatidnttee Fourier power spectrum (log power
versus log frequency) reveals a straight line whichlways within a defined range consistent
with the size and duration of the system. We sasvithFigure 2.15 for the S&P 500 index.

One way to study power law behaviour in nonstatipriame series using the wavelet analysis
instead of the Fourier analysis is to plot the llog+epresentation of the wavelet variance as a
function of timescale (log variance versus log Soae). A straight line fit to the log variance
versus log timescale plot would suggest the extgteri a power law behaviour. Such an analysis,
as we will see, can help us assess the state alnititgtof complex systems. A perfect power law
behaviour across many scales (a straight line fihé log variance-timescale plot) might indicate
that the system is in the optimum state whereagaklin power law behaviour (different straight
line fits to different sections of the log variartimescale plot) may point towards anomalies in

the system.

As discussed in Section 3.3 the classical methodtialying the variance of a time serigss
through the SDF, which is defined by Eq (3.48).edtly suggests that a procesg {s a pure
power law (PPL) if its SDF has the form,

S (f)=Cs|f| 9 -1/2< f< 1/2 3.62
whereCs > 0. These processes can be divided into two cag=gcorresponding to stationary and
nonstationary processes [118]. The first correspdndthe casel < a, which means that the
process is stationary. Also, wheh< a < 0, a PPL process is said to be a stationary longangm
process. The second category applies wien-1: such a PPL process] can be interpreted as
a nonstationary process that can be turned inttatomsary process through an appropriate
differencing operation. PPL processes are thus aedihed for anya on the real axis and these
processes are sometimes calledf “processés Hence long memory processes are 1/f-type
processes withl < a < 0, while 1/f-processesvith a < -1 are sometimes called nonstationary

long memory processes.
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The wavelet variance is a useful alternative to $fieF for studying PPL processes, since it
provides a way of “regularizing” the SDF. We hatwadéed that the wavelet coefficients at scale
JA; are associated with the frequency interdd®{*, 1/2], and we can use this property to obtain
an approximate relationship between the waveldanee and the SDF of via Eq (3.52). The
wavelet variance thus summarizes the informatiothen SDF using just one value per octave
frequency band and is particularly useful when 8i2F is relatively featureless within each
octave band. Suppose, for example, thxdti§ a PPL process, i.e. its SDF is givengy(f) = Cs|

f] 9 If we use the approximation of Eq (3.52), we the,

2 -a-1
o, (A)0A. 3.63
Linear variation on a plot diog(o? (4)) versuslog(4;) thus indicates the existence of a power

law process and the slope of the line can be usdéduce the exponeatof the power law. The
estimation of the power law exponeatthrough the wavelet variance rather than the SPF i
useful because for non-periodic and nonstationaoggsses whose Fourier power spectra are
relatively featureless, the wavelet variance is#ractive alternative characterization that isyeas

to interpret and estimate.

Let us now examine a ‘time’ series of vertical atshear measurements that has been studied in
[118]. This data was collected by an instrument fkadropped over the side of a ship and
descends vertically into the ocean. As the prolseeteds, it collects measurements of the ocean
shear as a function of the depth. Thus the orderargable of this ‘time’ series is depth. The
shear measurements are made every 0.1 meters, thensampling ratett = 0.1. This ‘time’

series is shown in Figure 3.12.
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Figure 3.12Series of vertical ocean shear measurements.

We notice that the sample size of our series i$488nce a wavelet transform of levgl= 12
(2'? = 4096 would be appropriate. We now compute the unbidg@DWT Haar wavelet

variance estimated? (A ;) for levelsj = 1 to 12 using Eq (3.54).
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Figure 3.13MODWT variances for the vertical ocean shear sargng the Haar wavelet filter.

Since coefficients devel 1correspond to changes on a scald,of 2'™ and coefficients at level

2 correspond to changes on a scalelof 22 and so on, and the sampling rate= 0.1, the
physical scales for the MODWT variance will rangenfi 4,4t = 0.1 up toA;,4t = 204.8 meters.
Figure 3.13 shows thleg-log plot of the MODWT variances? (4,) versus the physical scales
Ai4t. As discussed earlier, regions of linearity ori@ puch as Figure 3.13 indicate the presence
of a power law process over a particular regiofreuencies, with the power law exponent being

related to the slope of the line. We see from Fdhii3 that the Haar wavelet variance estimates

for the smallest seven scales fall perfectly alsuch a straight line. The line drawn through them

was calculated via linear least squares and haepe ©f 1.66 = 5/3. Since?f(ﬁj)varies

approximately aS/l}”"l for power law processes for exponen{Eq (3.63)), the Haar wavelet

variance plot suggests the presence of a poweptlaeess over physical scales 0.1 to 6.4 meters
with an exponent ofr = -2.66. More specifically, we can summarize the power keehaviour in

the vertical ocean shear series as,

164,77 j=1,2,..,7
+0.431,7%° | j=8,9,..,12

g:(A) = 3.64

The above translate into,

| f7%° , 1/256<|f|< 1/2
SO s 3.65
| ] , 1/8192 < |f|< 1/256

A point to note here is that we have used the Hearelet filter to demonstrate power law
behaviour in the ocean shear series. Similar edhdive also been observed with Duabechies
filters like the LA(8) and D(4) and D(6) [118].
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3.3.2 Multiscale CAPM

The CAPM of Sharpe and Lintner [136], [94] was @nluced in Section 2.3.2. We recall that the
risk of a project is measured by theta of the cash flow with respect to the market return
According to Eq (2.34), thieetaof a company is defined as,

COV(rn 1rmt)

B =—=" 3.66
g

m

whereCov (f, rmy is the covariance between the retufon investing in project and market
returnrn,. The variance of the market return is denotedatfy. A low betafor a company (or

project) would indicate a relatively low risk, wieas abeta greater than one would indicate a

risky investment.

Wavelet covariance and wavelet variance can bzedilto estimate comparbetasat different
timescales [55]. Specifically, a zero-lag wavelevariance (Eq (3.59)) between daily return for
an asset and the daily return in the market atricpkar detail (or level) can be divided by the
wavelet variance (Eq (3.54)) of the market returthat specific detail (or level) to obtain theta

of a company at a particulamescale Mathematically, we may express Eq (3.66) as,

B =————"5, 3.67

w

to obtain waveletbetas/5,", at different scaleg. In the right-hand side of Eq (3.67),

Urf“. :Var(vT/mj)is the wavelet variance of the market return at theveled scalej and

COV(VTIU ,lemj) is the wavelet covariance at wavelet s¢dletween individual stock return and the

market return.

In Table 3.2 we present wavelet-badeztasfor six different companies: Coca Cola, General
Electric (GE), General Motors (GM) Internationaldess machines (IBM), Proctor & Gamble
(P&G), and Boing which belong to the composite in@®w Jones Industrial Average (DJIA).
We obtained the daily prices from Yahoo Financeo®the sample period of January 4, 1999 to
November 8, 2005. The sample size is 1718 dayghigiseven years. Market return was taken
as the daily return of the DJIA for the specifigde period. If we recall Eq (2.36), in empirical
finance, we must calculate tiveta of an asset based on the difference of the reifian asset
and therisklessrate of returnrf — ro) which is called thestock premiunand the difference of the
market return and thiésklessrate of returnrg, — ro) which is called thenarket premiumin our
calculation, theisklessrate of returrro; has been assumed to be ffieYear Treasury Notg5],

the data for which is also available at Yahoo Fosa®.
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Table 3.2MODWT-based estimates betasfor different companies.

Coca Cola GE GM IBM P&G Boing
Raw Data 0.85 1.09 1.00 1.00 0.91 0.95
A 0.84 1.07 1.02 1.06 0.89 0.94
A2 0.90 1.08 0.97 0.98 0.92 0.96
A3 0.79 1.18 0.98 0.91 1.00 0.89
A4 0.82 1.12 1.06 0.77 0.91 1.17
As 0.87 1.17 1.05 1.01 0.83 1.07
e 0.89 1.24 1.23 1.19 0.74 1.14
A7 1.25 0.99 0.62 0.95 0.96 0.69

The daily return of each stock is calculated asldigeprice difference; = log P — log Py,
whereP; is the price of asseétat dayt. The daily market returm,,, is taken as the log difference
of the DJIA indexr; = log D, — log D1, whereD; is the index value at day Finally the daily
risklessrate of returrrq, is taken as the log difference of the 10-Year SuepaNotery; = log T, —
log Ti-1, whereT,is the treasury note's value at dayhe values of thenarket premiungry, — ro)
and thestock premium(r; — r) are plugged into Eq (3.67) to compute the wavedsted

multiscale betas

In Table3.2, the first detail; captures oscillations with a period of 2 to 4 deyeereas the last
detail A; captures oscillations with a period length of 1@256 days. Waveldietasat different
scales reveal important information abouttiskinessof a particular asset. For example, raw data
(averages of all timescales) for Coca Cola indg#tat the stock has relatively low risk (0.85).
However, wavelet analysis, especiallyreveals a greater risk for the Coca Cola stock5)1 &n
investor operating at scale seven would be subpduigh risk by holding a Coca Cola share in his
portfolio — that is if an investor has a Coca Gsitack and he intends to sell it aftér(2 128-256)
days, he is likely to lose money since the pric€€o€a Cola is expected to fall considerably by
that time. For General Motors, thetasare high for the raw data as well as for the faist
wavelet scales. However, for the seventh scalebétais relatively lower (0.62). An investor,
who operates at timescalefor General Motors shares, can safely keep thikstohis portfolio.
This information would not have been available moimvestor if he just looked at the rdweta
value which is high (1.00). We can put forward mikir argument for IBM stocks which have a
low betaat scale four (0.77), Proctor & Gamble stocks Whiave a lowbetaat scale six (0.74),
and Boing stocks which have a Idveta at scale seven (0.69). On the other hdretasfor
General Electric are consistently higher at all @lav scales as well as for the raw data. We
conclude that there are obvious fluctuations inrisiénessof stocks over different timescales and

enough care should be taken by investors abowttings they want to keep in their portfolios.
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3.4 Testing for Homogeneity of Variance

Recently, attention has been given to identifyimgl anodelling the so-called long memory
processes. In such processes, the correlationgéetvariables do not decay at a sufficiently fast
rate. For example in a financial time series, oks@ns separated by great periods of time would
still exhibit significant correlation. Such timeris are said to be generated by long-memory or
long-range dependent processes and require diffepgmoaches to modelling than the so-called
short-memory processes (for example, ARIMA modéisSection 3.3.1 we saw how power law
analysis (more specifically the value @f can be used to determine whether a time sertabiex

long memory or not.

We mentioned earlier, that the wavelet transform Ibeen shown to approximately decorrelate
time series with long memory structure. In fact thgcrete wavelet transform (DWT) of a long

memory process produces sub-series, which are dppately white noise sequences. Features
that differ from this long memory structure, suchsaidden changes of variance, are retained in

certain sub-series of wavelet coefficients.

Whitcher et al. showed that this approximate “deslation” property of the DWT and the

cumulative sum of squares method (applied to tHatility of a time series) can be used to test
for homogeneity of variance, on a scale-by-scaldsbdor such long memory processes [160].
This provides a statistically sound technique sfitgy for nonstationary features without knowing
the exact nature of the correlation structure givan time series. In other words, the DWT can be
used to locate a variance change or nonstationarity given time series. Sometimes, these

nonstationarities or variance changes are alsoreef¢o as structural breaks.

Locating a Variance Change

According to Whitcher et al., the normalized cuntivia sum of squares (NCSS) test statiglic
can be used to detect an unknown change-figintthe variance (or volatility; = |ri| = In (%) —
In (%.1)|) of a given time serieg[160]. Let the ratid®be defined as,

k 2
Zt:Lj—le t

N-1 5
Zt=Li—1Wva

whereN is the total number of samples in the volatiligrissv, L is the length of the filter used

P = Jk=1-1,...,N-2 3.68

for the DWT analysis, ang; is thelevel-j DWT of the volatility series;. Let us define,

D = max (D, D), 3.69

where,
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. k-L, +2
D" =may ——
< N-L

3.70

) k=L +1
-P |andD =ma Po———m |.

N-1
The estimated location of the variance chakgis the point at whiclD is achieved. In other

words, the change-point in the variarlgdas the abscissa of the peak (maximum) valuenak
(D", D).

We now examine the change in variance for the diIM prices from May 17, 1961 to
November 2, 1962. We have studied this series atic®e3.2.2 where Figure 3.9 shows a DWT
MRA using D(6) wavelet filters for the volatilityfdhe IBM prices. We want to locate a single
change in variance at an unknown time in this seusing the NCSS test statisiic described
above. There is an obvious increase in volatilityhie latter half of the IBM volatility series. We
can observe this in Figure 3.9 which shows an als/itow of increased volatility in the wavelet
details ¢l to d;) between observations 230 and 322. Moreover, theelgt smooth )

corresponding to the low frequency trends and #mepde mean, shows a significant bump in this

region.

For a time series X [Xo, X1, ..., X-1] With N samples, . 3.00E-1 D
the null hypothesis §{161], [74], [26] states that,

2.50E-10
Ho : var {xo} = var {Xo, x1} = ...= var {Xo, X1, ..., Xu-1},

2.00E-1
Based on the above, we can define a cumulative ©
variance (CV) statistic as, % 150E-10
CV = [var {xo}, var {Xo, Xa},..., var {Xo, X, ..., Xu.1}]. S

. . . 5.00E-11

Ideally, under K, the variance of the CV time series
should be equal to zero. To test for the null higpsis, 0.00E+00

we compute the CV statistic for wavelet detlilsd,, N = e o

ds, andd,. We then compute the variances of the CV O o o o

time series for each wavelet detilto d, which are N )

2.76E-10, 4.58E-11, 6.81E-11, and 5.56E-12

respectively.

The plots of the variances of the CV time seriggife Measure p-value

wavelet details are shown in Plot A to the righs. A

expected the C) time series shows the lowest

variance, indicating that, constitutes a stationary ftest(CVa, CVaa) 1.26E-206

process as compareddq d,, andds;. Thep values for ftest(CVas, CVaa) 5.37E-104

a one-tailed--test[154] performed between the CV ftest(CVuz, CVa) 4.83E-078

time series of different wavelet details statidiyca ftest(CVgy, CVap) 2.57E-059

confirm our hypothesis. ftest(CVai, CVag) 2.98E-038
ftest(CVaz, CVa) 1.52E-004

Figure 3.14aRejecting the null hypothesis for wavelet detdilsd,, andds.

Therefore, this change in volatility is a very tatband feature of the IBM volatility series. In
Figure 3.9 we explore the extent of this nonstatigrieature with the help of the DWT MRA. We
observe that the increase in volatility is confinedhe first three wavelet detaild,( d, and dy)
only. If we look atd,, we find no apparent difference in volatility thighout its length. Henae,
may be thought of as “stationary” for practical pases. We can thus reject the null hypothesis

for homogeneity of variance for the first threelesdd;, d,, andds) of IBM stock volatility. That
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is nonstationarities or variance changes do erighé first three wavelet detaith, d, and ds.
Please refer to Figure 3.14a where we presentiatisi@ test for rejecting the null hypothesis for

wavelet detailsl;, d,, andd; as compared td;.

After rejecting the null hypothesis, we now perfoanfiormal test to locate a variance change in
the IBM volatility using the NCSS test statisbadefined by Eq (3.69). The results of the analysis

are shown in Figure 3.14b.

The NCSS test statistl2 successfully picks up the location of the variadleange, which occurs
at observation number 237. In Figure 3.14b, thatiiy series is shown in the top panel while
below it ismax (D", D)) plotted for levelsl to 3 of the DWT of the IBM volatility series. The
peak value of théevel-1 plot for max (D*, D) detects the location of the variance chakge
which is shown by a red vertical line. Sinlewel-1 wavelet coefficients are associated with
highest frequencies (second row from top in Figifelb), its maximum is a good estimate of the
time of variance change. Here the wavelet transfaltows for a rigorous test of homogeneity of

variance, only with mild assumptions on the undedyspectrum of the process.
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Figure 3.14bIBM stock price volatility (top panel) along withe NCSS statistimax (O, D) for its DWT
coefficients for scales 1 to 3.

3.5 Problem Formulation

In Chapter 2 we introduced the concept of “univiessaling” or “self-organized complexity” in
complex systems. In this Chapter we described irerdetail how the wavelet multiscale analysis
can be used to assess time series produced by eosydtems. We also showed the existence of
power laws and scaling in complex time series aod the DWT can be used to study such
phenomena. If we draw an analogy between scalimgrimplex systems and the manner in which
the DWT analyzes scaling in complex time series fine striking similarities between the two.

Let us revisit Figure 2.1 which shows the charasties of complex systems and Figure 3.8 which
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shows the implementation of Mallat’'s pyramidal altion for decomposing complex time series.
Figure 2.1 represents a complex system with matgracting subunits, each comprising a
particular “scale” at a particular level. Similgrlyigure 3.8 represents a complex time series that
has been decomposed into many subunits (componé&stsh wavelet decomposition or subunit
describes the behaviour of the original signal gtagticular “timescale” or level. It is indeed
possible to study how the various wavelet deconiposi (sub-series) arelatedto one another,
and how the original signal evolves from these dguamsitions. We have shown this in the power
law analysis of time series using wavelets wheresiuey the relationship between variances of
different wavelet sub-series. Such an analogy @adke efficacy of wavelets for the analysis of
time series emanating from complex systems. Momemiace the wavelet analysis is a non-
parametric method (no parameters need to be sendaiel building) for analyzing signals in
myriad fields, it can be used as a universal toolstudying complex time series. As discussed
earlier, according to Ramsey, the wavelet analyasformalized old notions of decomposing a

time series into its various components [127].

In this section we will develop the problem of arzahg complex time series in different domains
(more specifically in the financial and medical don) and then give a brief description of our
proposed wavelet-based system for analyzing suoh series. We will discuss how the proposed
system for time series analysis can be regardednagtidisciplinarytime series summarization

system

3.5.1 Pattern Identification

Cycles, trends, and turning points are endemidnantial forecasting [29]. In Section 3.1, we
discussed in some detail various components ahe series like cycles, trends and the irregular
or random component. Regular patterns like cycled taends help us to study the so-called
“stable features” of an otherwise stochastic tirges. Turning points may be defined as critical
points on a time series, which might indicate adreeversal, sudden changes or interesting
events. The WODSONNVAVEREPORT shown in Figure 2.6 is a good example of studyimging
points in financial data. In Section 3.4 we disegsthe detection of variance changes or structural
breaks in a time series. Detection of a structorahk is important in that it tells us exactly wer
in time a nonstationarity has occurred, which sstge total change in the dynamics and
behaviour of the series under study. The vertisalmarked ag in Figure 2.3 is an example of a

structural break in financial time series datairilar example is also presented in Figure 3.14b.

We can regard features like cycles, trends, turpioigts and structural breaks as patterns in a
time series which need to be identified efficierityunderstand its behaviour. By looking at these
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patterns, traders often make “investment” decisiéigure 3.15 shows a simplified synthetic time
series with cycles, trends, turning points, anthactural break (variance change) marked on it.

35
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Figure 3.15Synthetic time series with cycles, trends, turrpognts and a structural break.

The original signal is the solid dark blue line.eTturning points are marked with red circles,
whereas the structural break is indicated withcavertical line. We note that this synthetic time
series comprises two trends and two cycles. Thgestd the trend (dashed green line) before the
structural break is lower than the slope of thadréashed cyan line) after the structural break.
Similarly the time period of the cycle (dark reghmigle) before the structural break is smaller than

the time period of the cycle (blue triangle) attes structural break.

We have studied how the wavelet analysis can éffdgtanalyze local and global features at
various timescales in complex time series. We wificuss in subsequent sections how our
wavelet framework can identify patterns like cycleends, turning points and structural breaks in

complex time series data to describe financial etadignamics at various timescales.

3.5.2 Risk Management

We have studied the CAPM and the multiscale CAPNbégtions 2.3.2 and 3.3.2 respectively.
According to the CAPM, higtbeta (risk) stocks promise a higheturn. Traders often build
portfolios of stocks according to the risk of eatbck. For example, a trader might have 3
portfolios of 3 stocks each, that is a total oté&cks. He would want to keep a track of his refurn
from each portfolio. According to the CAPM, the tfolio with the highest average risk would
promise the highest average return and the pastfeiih the lowest average risk would promise
the lowest return. A trader would therefore, wantstudy the risk-return tradeoffs for the
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portfolios he has with an aim to get higher retufois lower risks. This would give him an
indication as to which stocks he might keep ingagfolios and which he might discard.

Suppose a trader has a total of 9 stocks for wihéchas assessed thetasor risks Gy, 5o, .., ).
He can make 3 portfoliosP(, P,, andP;3) by putting 3 stocks in each portfolio. He cannthe
monitor the return from each portfolio. Let us sog@ further thaB, < 5 < ... < . One way to
make the portfolios is to put the first three swekth the lowesbetasin the first portfolio, the
next three stocks with the next highbstasin the second portfolio and so on. This is shown i

Figure 3.16 where 3 portfolios contain 3 stockshdaascending order of thdetas

_ {‘&H&H&‘
Betas at time;t B, Bs Bs
Bs Bs Bo
Py P, Ps
Portfolio return at time,t { ¢
Rp1 Rp2 Rp3

Figure 3.16 A method to study risk-return tradeoffs for politie of stocks.

According to the CAPM, since portfoli®; has the highest risk stocks, its return should be
maximum, followed byP, and thenP;. Forbetascomputed during time peridg, we can in fact
compute the average return of each portfolio foetperiod; to test our hypothesis (Figure 3.16)
—that isRp3 > Rp, > Rpy at timet, for So1 < Sra < Fps at timet,.

Portfolio
Return

SML

Portfolio B

Figure 3.17SML for studying risk-return tradeoffs of portfo# of stocks.
If for each portfolio, we plot the average retutrtimne t, versus the averadeetaat timet;, we
should get a straight line, which is also calleeldbcurity market lindSML) and was described

in Figure 2.17. Figure 3.17 shows an exemplary Sbt_the portfolios described above. The

betas can be computed using Eq (2.34) whereas the aweraturns can be computed
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1 . . .
usmgﬁzt’ilrt , Wherer, = log P, — log R; andN is the total number of samples in the time

series of stock priceB.. The slope and a straight line fit to the portialeturn versus portfolio
betaplot would determine the validity and effectivesne$ the CAPM (Figure 3.17).

A high slope of the SML and a perfect straight litt@vould indicate an ideal risk-return tradeoff
where higher returns can be obtained for lowersriskowever, as discussed earlier, real world
data is complex and exhibits scaling behaviouSéation 3.3.2, with the help of wavelet analysis
we have seen howetasor risks fluctuate over timescales (Table 3.2)erEfore, we would
expect the slope and straight line fit of the SMLFagure 3.17 to vary over timescales. We can
study the slope and straight line fit of the SMLddferent timescales using the wavelet analysis.
For example, if we perform a level six wavelet daposition on our data we would get six SML
plots (similar to Figure 3.17) at six different #scales, each with a different slope and goodness
of fit. In this manner we can study risk-returndgaffs at various timescales, thus throwing more
light on the dynamics of the CAPM. Such an analgsis help traders decide which stocks to
keep in their portfolios and at which timescalepzrate to maximize their profits or returns. We
will discuss in subsequent sections how our waved@ework can be used for efficient financial

risk management.

3.5.3 Medical Diagnosis

Medical experts often visually examine numericaladeecorded from the human organism to
make a diagnosis. A typical example is a heart-tegeing which is popularly known as an
electrocardiogram (ECG). Medical experts extengiwtudy ECGs to diagnose heart diseases
such as congenital heart disease in infants anccangial infarction and myocarditis in adults.
Experts visually examine the peak-to-peak intervadgularly known as the R-R intervals, in an
ECG tracing to make a diagnosis. Is it possibleafanachine to make a similar diagnosis using

sophisticated time series analysis techniques?

The answer to the above question is yes — if we iako account the scaling behaviour of
heartbeats in the complex human organism. Sireeltination of each R-R interval is crucial for
distinguishing between a normal and an abnormatt hiée first step towards analyzing an ECG
tracing as a ‘time’ series is to convert it int@exies of intervals between adjacent heartbgats
Such a series is called an R-R ‘time’ series. T$ighown in Figure 3.18, where (a) represents a

synthetic ECG tracing and (b) represents a symtfeR ‘time’ series.
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Figure 3.18:(a) A synthetic ECG tracing, (b) A synthetic RtRne’ series.

We notice that the-axisin Figure 3.18b is notime but, in fact, theinterval numberor beat
number that is, the ordering variable of the R-R ‘tinsgries is thdeat numberin cardiology,

the R-R time series is thought to result from a plex superposition of multiple physiological
processes at their respective characteristic tiadesd8]. Empirical results show that tlog-log

plot of the wavelet variance versus timescale (tised in Section 3.3.1) for a R-R recording
from a normal patient produces a perfect straigietWhereas the same plot for a congestive heart
failure (CHF) patient does not produce such agfttdine [152], [3]. Moreover, variability of a
normal R-R recording is higher than the variabitifya CHF R-R recording.

Wavelet

. log-I lot
Variance g-logplo

Normal Patient

Perfect power law behaviou,

Variability is high CHF Patient

Imperfect power law behaviour

Variability is low

Timescale

Figure 3.19An exemplary wavelet variance versus timescalefptoa normal patient and a CHF patient
for R-R recordings.

Figure 3.19 shows an exemplary plot of the wavebriance versus timescale for a healthy
patient and a CHF patient where a perfect powerbahaviour (green line) suggests normalcy
while an imperfect power law behaviour (red linayygests congestive heart failure. That is the
value of the power law exponeatremains constant across all timescales (frequenfdie normal

patients and the value of the power law expomrefitictuates across timescales (frequencies) for

CHF patients when we examine the wavelet variaecsus timescale plots for R-R recordings. In
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Figure 3.19, we also observe that the overall naga(variability) of R-R recordings of normal
patients is higher than that of CHF patients ascdles.

We will discuss in subsequent sections, how oureleviramework uses the above empirical
results to distinguish between CHF patients anagnabpatients for an unknown dataset of R-R

recordings.

3.5.4 Time Series Summarization

In Sections 3.5.1, 3.5.2, and 3.5.3 we have fortadlghe problem of pattern identification, risk
management and medical diagnosis respectivelyrmptax time series. We can view the results
or outputs of each of these analyses sisramaryof the input data. In Section 2.2.3 we discussed
time series summarization systems where the sygjenerates an ‘intelligentlinguistic
description of the time series being analyzed. To us, summiizaneans to ‘intelligently’
characterizethe dynamics and behaviour of complex time sekiased on well grounded

mathematical techniques and analyses.

Wavelet Framework Based on the DWT and the MODWT

' ' '

Pattern Risk Medical
Identification Management Diagnosis
Economics & Finance Medicine

Economics & Finance 8

Univariate time
series dat;
Multivariate time
series dat;

E
Signals }

Cycl_es, tre_nds, Risk-return Separ_ation of CHF
turning points, patients from
tradeoffs A
structural breaks normal patients
N
SUMMARY

Figure 3.20Wavelet framework for accomplishing time seriesymarization.

In Section 2.4 we presented a conceptual outlireuokystem. In Figure 3.20 we present a more
detailed view of the architecture and functional@f our wavelet framework for analyzing
complex time serial data. The output from our systeuld be graphical where identified patterns
like cycles, trends, and turning points are ‘markeal on a time series or numerical where
numbers ‘characterize’ the behaviour of the timgese for example, an equation describing the
gradient of the market trend or the numeric valt¢he risk petg of a stock at various time
horizons. Our framework, which is based on the \et\enalysis, has the robustness to deal with

high-frequency and nonstationary data that maybéixtiifferent dynamics at different timescales.
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Our framework has both univariate and multivarpabilities. The framework can analyze time
series data from different domains, for examplelstorices from economics, and ECG signals
from medicine. The core of the framework is a DWID MODWT engine. The system has three
main modules namely, pattern identification, riskmagement, and medical diagnosis. The input
to the pattern identification module is univariditme series data like stock prices, composite
indices, and foreign exchange rates. The pattemtification module uses a combination of the
DWT and the FFT to generate tiseirrey Market Reportvhere patterns like cycles, trends,
turning points, and structural breaks are ‘markpdan financial time serial data and equations
and numbers characterize the behaviour of the rhatldifferent time horizons. The input to the
risk management module comprises multivariate dataexample the concurrently recorded time
series for the DJIA and the share prices of thec8Mpanies within the DJIA. The risk
management module builds portfolios of stocks toegate risk-return tradeoffs at different time
horizons by making use of the MODWT-based analgs$isariance and covariance. The risk-
return tradeoffs are presented graphically whefferént slopes and fits of the SML are shown
for different time horizons and numerically wherations characterize the risk-return tradeoffs
at different time horizons. Finally, the input teetmedical diagnosis module consists of ECG
signals of normal and CHF patients. The medicajmigis module separates out healthy patients
from CHF patients by employing a power law analymsed on the wavelet variance. A statistic
to measure the fluctuation afover timescales (time horizons) is computed, whighhen

numerically and graphically presented to disting@$F patients from normal patients.

All the outputs from our framework comprise a graphor numericasummaryof the input data.
Hence our framework can be regarded amudtidisciplinary time series summarization system
where the summary output ‘intelligently’ charactes the state and behaviour of the complex
system under study. A detailed description of eamiework including architectures, algorithms,

case studies and evaluation will be presented ap(@hn 4.
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4  System Description

In this chapter, we outline a wavelet-based methatl can be used for analyzing complex time
series in economics and medicine by describingpuarimodules of enultidisciplinary time series
summarization systenthe results of our analyses would be ready fersboth theoreticians
and practitioners in economics and medicine.

Firstly, we re-iterate our motivation to build a wetet framework for analyzing complex time
series across different domains. A key message €bapter 2 was the phenomenon of universal
scaling in complex systems and in time series predlby complex systems. In Chapter 3, we
established that wavelet analysis is a universadlttat can systematically guide and simplify the
study of the phenomenon of scaling in complex temees. For a system designer, both universal
principles (phenomena) and tools are important égetbp robust systems that can render
themselves useful across many disciplines. We ctwobeild a wavelet-based system because we
believe that scaling is one of the universal pptes in complex time series data and wavelet
analysis is one of the universal tools that cam he study this universal principle of scaling.
Since wavelet analysis is a nonparametric formatésnatic) method for analyzing complex time
series data, it is a strong candidate for readiijdng a robust autonomous system that can work

well across many domains.

We begin this chapter by providing details of threhd@ecture of our wavelet framework for

complex time series analysis (Section 4.1). Speeikamples of real-world data from economics
and medicine are considered to explain the fultfiomality of our framework. This is followed

by Section 4.2 where we provide detailed descmgtiof the algorithms we use to accomplish our
analyses. In Section 4.3 we undertake three corapsife case studies (two in economics and
one in medicine) and show the various outputs esdlts produced by our system. In Section 4.4,
we provide details of how our system was evaludtathlly, Section 4.5 concludes this chapter

with comments and discussion on the work reporndte last three chapters.

4.1 Architecture

In Section 3.5.4, we provided a general architectfr our wavelet framework for time series
analysis which comprises three modules, namelytepaidentification, risk management and
medical diagnosis. We discussed how the outputs &ach of these modules can be regarded as
a summaryof the input data. In Figure 4.1, we again pregbet general architecture of our

wavelet-based time series analysis system. The afooeir wavelet framework is a DWT and a
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MODWT engine. Our system has been implemented irtlaid@: the DWT analysis is
accomplished using the Matlab Wavelet Toolbox [108hile the MODWT analysis is
accomplished using the WMTSA (Wavelet Methods fond Series Analysis) Wavelet Toolkit
for Matlab [103], [118].

Wavelet Framework Based on the DWT and the MODWT

' I '

Pattern Risk Medical
Identification Management Diagnosis
Economics & Finance Medicine

Economics & Finance 8

Univariate time
series dat;
Multivariate time
series dat;

E
Signals }

Cycl_es, tre_nds, Risk-return Separ_ation of CHF
turning points, patients from
tradeoffs .
structural breaks normal patients
— -
N
SUMMARY

Figure 4.1 Wavelet framework for accomplishing time seriesimarization.

As discussed in Section 3.5.4 our wavelet framewak both univariate and multivariate time
series analysis capabilities and can analyze sigimleconomics and medicine. The pattern
identification and the risk management modulesyamalinivariate and multivariate financial time
series data respectively while the medical diagnoabdule analyzes ECG signals. More
specifically, the pattern identification module mntiies temporal patterns like trends, cycles and
turning points in univariate financial time sertkesia; the risk management module generates risk-
return tradeoffs at various timescales by analyrmifivariate financial time series data; and the
medical diagnosis module separates out congesteet lailure (CHF) patients from normal
patients by analyzing ECG signals. In this secti@ndiscuss in more detail the functionality of
each of the three modules with specific examples.

4.1.1 Pattern Identification

The pattern identification module uses a combimaixd the DWT and the FFT to identify
temporal patterns like cycles, trends, turning fsoand structural breaks in univariate time serial
data. The main output of the pattern identificatibadule is theSurrey Market Repartwhich is

an HTML page, displaying the results of the analysrformed by the module. We will describe
theSurrey Market Repoith more detail in Section 4.3.1.
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A block diagram detailing the functionality of tipattern identification module is presented in
Figure 4.2. The first component performs kighest-leveDWT MRA on the original signal. The
level of the DWT analysis depends on the lengtthefsignal. Typically, for 300 samples, a level-
8 DWT analysis is appropriate. Results of the DV@imponent are fed into two components - one
for performing Fast Fourier Transform (FFT) and tileer for detecting trends and turning points
in the data. The second component computes théligglaf the original signal, which is again
fed to a DWT component and then to the Normalizeotn@ative Sum of Squares (NCSS)
component. The results of the Fourier analysisM@8S components are fed to two components
for detection of inherent cycles and variance ckangspectively. Finally, numerical values
outlining the trend, turning points, inherent cyclnd variance change are fed to the numerical
characterization component. This component perfaias&s such as fitting xendline to the
wavelet smooth by ordinary least square (OLS) nuethod thereafter producing ti&urrey
Market Reporthat characterizes the market dynamics at vatimescales.

Raw Signal
v 1
Detect
- Turning
Volatility bwT —> Pointsan [ Time Series Summary
Trends
= Most dominant cycle:
l l g 85.33 minutes
%. Trends:
Detect 53 %(t) = 3.62 t+ 1.76, t < 206
DWT FFT - »  Inherent — 9 > () =1.59t+1.78, 216 <t< 442
Cycles g Structural Break:
% 214" minute
l S Turning points:
%. 260", 328"and 388" minute
S5
Statistic R VDgtect
NCSS ariance [~
Change

Figure 4.2Block diagram of the pattern identification module.

We recall that the DWT MRA represents a signal asra of approximations or smootlss) and
details ¢) that are localized in time and frequency (Eq $p.3These individual approximations
and details are obtained by recursively convolimg signal with a bank of low and high pass
filters according to Mallat's pyramidal algorithrRigure 3.8). The pattern identification module
employs Daubechies six-coefficient wavelet filtdd§6), to perform a DWT MRA.
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Cycle Detection

A level-7(J, = 7) DWT MRA using D(6) filters and a correspondingTFperformed on the daily
IBM stock prices from May 17, 1961 to November 262 is shown in Figure 4.3. The original
series is plotted in the top row on the left whilelow it from top to bottom are the wavelet
approximation (smooth) and details, (ds, ..., d). The right panel shows the corresponding
Fourier power spectra of the signals on the Idfie briginal series (IBM), the wavelet

approximation §) and wavelet detailgl{ to dg).
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Figure 4.3DWT MRA using D(6) filters and the FFT of daily IBstock prices.

By performing an FFT (Fast Fourier Transform) as&yon each of the wavelet decompositions
of a signal, we are able to extract both time aeduency information. The FFT power spectrum
peaks indicate the frequencies (cycles) while thestanding’ peaks and troughs of the wavelet
decompositions (extrema) indicate where in times¢h&equencies (cycles) are located in the
original signal. In Figure 4.3, if we ignore theufier power spectra for the original signal (IBM),
s7, d; andds, which seem to be relatively featureless excagelpeaks at 128 (which is the total
number of points for which the FFT was computed),abserve that the detal] represents the
most dominant cycle in the IBM series since itsri@uypower spectrum has the highest power as
compared to the spectraayf ds, d,, andd;.
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In our cycle detection algorithm, we ignore the Fp&aks at 128 fods — d;, s; and IBM since
these peaks arise due to the very low frequencyacteistics of these signals and cannot be
considered cycles as such. For example, we gej pdaik at 128 for,avhich is essentially a pair

of straight lines with zero cyclicality. If we igre these spurious peaks then what is left are the
meaningful frequencies in the FFT spectra of edghat We also note that we do not get
spurious peaks at 128 for higher frequency perisiioals liked; — d;. This implies the FFT

works more efficiently for higher frequency periodinctions.

The pattern identification module compares the pedkhe Fourier power spectra of the wavelet
details, and picks up the detail with the highestvgr as the dominant cycle in the signal. In this
particular example, the wavelet det@djlwill be picked up as the dominant cycle (sinckas the
highest power in its Fourier power spectrum), whickording to the relatio@™, corresponds to
changes on a scale T' = 16 days. Hence we can say that the dominant cycleenBM prices
is in the range ofl6 to 32 days and is characterized by the wavelet ddtaiThe Fourier power
spectrum fords also shows large peaks 32 and42 respectively, which have been marked by a

red circle in Figure 4.3.

It is interesting to note that the second FFT pehld2 lies outside the 16-32 days interval
characterized by the wavelet detdil This again shows that the FFT is very sensitovéhe
stationarity and periodicity of the signal beingabmed. Wavelet detaitls is periodic and
stationary for most part but shows a significahilyher negative trough of about -40 in amplitude
towards the end. It is possible that this may heuesed a peak at 42 (which is outside the 16-32
days DWTds interval) to appear in the FFT power spectrunmdfor

Trend Detection

Traditional smoothing techniques like linear segtagon and moving average might not give the
most accurate picture about the trend. The sogetalldliers, noise and transients in the data might
induce errors in the emergence of a trend through $echniques. The wavelet analysis on the
other hand systematically removes noise, cyclioahmonents and fluctuations in each level of
decomposition, thus giving the purest (‘de-noisedfresentation of a signght thehighest-level
of decomposition. If we recall Eq (3.35), for adéy, wavelet decomposition, a time serigs

may be represented as,

X(:SJO+d1+d2+...+dJO. 41
Eq (4.1) shows how a signalcan be decomposed using the DWT MRA wihdres the highest
frequency wavelet decomposition whdg is the lowest frequency wavelet decomposition ef th

original signal. Manipulating Eq (4.1) gives us,

SJOZXt—(d1+d2+...+djo). 4.2
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The wavelet detaild; can be looked upon as noise, cyclical componemtsother fluctuations of

% and thus removing (subtracting) them frgmvould give a de-noised (smooth) signah)( As
discussed in Chapter 8§, is called the highest-level wavelet approximatwrsmooth whiled;,

dy, ..., do are called the wavelet details of the originahsig. The highest level wavelet smooth
s3 conforms well to the notion of a long-term trendlie signal since it represents averages of a

scale of215,= 2. In Figure 4.3s; represents the long-term trend in the IBM timeesegi

According to Mallat's pyramidal algorithm (Figure83, we may decompose a given sigqahto

as many wavelet decompositions as we want. Howevpnint to note here is that the level of
wavelet decompositionsld) required for an appropriate analysis, especiaflyhe trend in the
signal, depends on the lengti) (of the original signak. In our analysis, we use the following
formula to compute the number of levels of decoritjprs Jy,

Jo = floor [log (N) / log (2)] - 1 4.3
The floor operation in Eq (4.3) ensures that the numieis always an integer. In case the
quantity [log (N) / log (2)] is a decimal numbéngefloor operation picks up the integer number to
the left of the decimal point &s. The IBM series of Figure 4.3 has 369 samplescéevre arrive
at a value ofl, = 7 via Eq (4.3).

Turning Point Detection

Marr, in his research in edge detection in compugon, showed that the Gaussian operator and
its derivatives are a good model for the humanalisystem’s detection of edges [102]. System
TREND uses the cubic spline mother wavelet (whishaiclose approximation to the first
derivative of the Gaussian) to detect edges irgaasi[19]. Wavelet analysis is a multiresolution
signal processing technique that adaptively smaoth&me series. The time-scale properties of
the DWT MRA can be used to extract true features moisy signal by detecting local maxima of
wavelet detail coefficients [56], [98]. We use D&VT’s multiscale edge detection properties to
detect turning points in a financial time seriese Wbserve that the highest and lowest peaks
(extrema) of wavelet detaild; to dj successfully detect most of the turning pointse Th
underlying hypothesis behind this approach is thatmarket is highly ‘volatile’ somewhere in
the neighbourhood of these ‘turning points’. Thighh'volatility’ or sharp change is picked up
well by the wavelet decompositiods to dj,. Moreover, most turning points coincide with major

edges in the signal.

Locating a Variance Change

To locate a variance change or a structural breala igiven time series;, we adopt the
methodology discussed in Section 3.4. We use th8]N§atistic described by Egs (3.68 to 3.70)
to locate a single change-polqtin the variance (volatilityy;, of a given time serieg. Volatility
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may be defined as the relative rate at which theepof a security moves up and down. If the
price of a stock moves up and down rapidly overrtstime periods, it has high volatility.
Conversely, if the price almost never changesastlbw volatility. Mathematically, volatility may
be defined as a measure of the absolute valueedifsh differenceof a time series. First, a return

series is computed via tfiest differenceof the log-transformed prices,

re = log(x) — log(%4) 4.4
Then, the volatility is measured by the absoluterre

Ve = |ry 45
The NCSS computations to locate a variance chadgetibn 3.4) are carried out on the volatility

seriesv;described by Eq (4.5).

Numerical Characterization

The numerical characterization component perforasks such as determining the slopes and
intercepts of the trends represented by the wawsteioths;, and filling numerical values
outlining the trends, cycles, turning points andiarece changes into an HTML template, to
generate the&Surrey Market RepartThis component also generateheadlinefor the Surrey
Market Reportbased on the trend information extracted from weevelet smoothsy,. As an
example, let us consider how the numerical charaeteon module extracts information about
the trend from the wavelet smoatfy. Figure 4.4a shows the wavelet smogtlblue plot) for the
DWT MRA of Figure 4.3.

B
600 —
- \\ .
500 I Do Figure 4.4a Procedure tg
400 |A-— T === - locate an inflexion point in
Bl R Y the wavelet smootk;.
300
0O 46 92 138 184 230 276 322 368
I
v
B
600 f\
500 \\ Figure 4.4b Two trends
\ .
400 TA ~ detected in the wavelet
~ smooths;.
300
0O 46 92 138 184 230 276 322 368

The numerical characterization module is programioddok for either one or two trends in the
wavelet smoottsy,. This is done by drawing a straight line betwelea €ndpoints of;,, and
computing the maximum distang,.xbetween the drawn straight line asgl This is shown in
Figure 4.4a. An inflexion point (B) isy is assumed whei®,,,, occurs. Two slopesS{opegand

Slopgc) are calculated using an ordinary least squareSjGistimate for the two segmentsB(
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andBC) of sywhere an inflexion point is assumed. If the ratiah® two slopes is greater than a
predefinedolerance thenB is confirmed to be an inflexion point, otherwigds established that

sphas only one trend, nameAC. That is,

if (Slopeg/ Slopgc) > tolerance,
then the two trends are AB and BC
else there is one trend AC
end;

In this particular example, there are indeed tveods ins;,, namelyAB andBC. The numerical
characterization component computes the trendsughraghe OLS method and presents this
information in the form of an equation of a strdigihe of the formy = mx + ¢ wherem s the
slope andc is the y-intercept In this example, the information about the termhn be

summarized as,

x (f)=1.21t + 44556, t< 138
% () =-1.08 t +576.62, 138 < t < 369

4.6

For Eqgs (4.6) characterizing the trends;y) the numerical characterization module will progluc
the following headlineThe market falls after initial risdnitial work on our pattern identification

module has been publishedLiacture Notes in Computer Scier{t&CS) [1].

4.1.2 Risk Management

The risk management module builds portfolios ofcksoto generate risk-return tradeoffs at
different time horizons by making use of the MODWased analysis of variance and covariance.
A block diagram of the risk management module mwshin Figure 4.5. The input to the risk
management module comprises multivariate time sef&a, namely, a composite market index
like the DJIA or the S&P 500, the ten year Treaswte and the companies within the composite
index. The first two components of the risk managenmodule are called Multiscale CAPM and
CAPM respectively. As the names suggest, the Mules CAPM component helps in the
generation of risk-return tradeoffs at differentéi horizons, whereas the CAPM component helps
in the generation of risk-return tradeoffs at joise time horizon (that is the horizon at which the

input data was recorded).

Let us discuss the functionality of the Multisc&&PM branch first. The Multiscale CAPM
component computes wavelet-badeetasat timet; for each company by making use of the
methodology described in Section 3.3.2. The BuitdtfBlio component builds portfolios of
stocks at each timescale, according to the totaiben of companies being analyzed and how
many companies does the user want per portfolio. éxample, if there are a total 80
companies that are being analyzed, the Build Rattmmponent can build0 portfolios with3

companies each &rportfolios withé companies each at each timescale.
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Figure 4.5Block diagram of the risk management module.

The portfolios are labelleB;, P, ... and so on at each timescale and stocks are ad-amgeese
portfolios in increasing order of thelretas The Risks at; component computes the average
portfolio risk at timet; while the Returns d; component computes the average portfolio return at
timet,. The Compare Risks Versus Returns component {hletaverage return for each portfolio
versus the averadwmeta for each portfolio at different timescales and fit straight line to each
plot by an OLS method to generate risk-return toffide A similar procedure is repeated for the
CAPM branch, where the only difference is that fodids are built at just one timescale (the
sampling rate at which data was recorded) and hiergemerates risk-return tradeoffs at a single
timescale.

We will now consider an example to elaborate thectionality of the risk management module.
Our dataset comprises multivariate returns forDA&A, the 30 companies within it, and the 10-
Year Treasury Bill from January 3, 2000 to DecemBkr 2004. All time series were collected
from Yahoo Finance ® and were converted into retwising the formulg = log % - log %1. The
sample size of each return series is 1245. Usimgiski management module, we want to study
the risk-return tradeoffs at different wavelet ssald;, A, ..., Ay) by building ten portfolios
which have three companies each. Further, outatahsample size of 1245, we want to compute
multiscale risks for the first 741 samples and wanstudy the returns for the remaining 541
samples. That ig; = 741 andt, = 541 A point to note here is that the user specifiesrtumber

of portfolios he wants to build, the number of &oper portfolio he wants and the time perigd
andt,. In this example, the total number of companie®0isso three companies per portfolio will
generate a total of ten portfolios. For simplicitye will only show how the first three portfolios
are built for the first two wavelet scales nhamglyand A,. The remaining seven portfolios at

higher wavelet scales are built in the same manner.

Figure 4.6 shows an excerpt of our dataset wheee tteturn series, namely the DJIA, Coca Cola
and the Treasury Bill are shown. The vertical ied Ehows the intervals for which we intend to

study risk-return tradeoffs at different timescale@e want to compute risks for time periodand
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study the returns for time periagd The first step involves the computation of comphatasfor
the first two scalesl; and A, using the methodology outlined in Section 3.3\®e recall that
before computing multiscale risks using the Eq{BWe must subtract thésklessrate of return
(i.e. the Treasury Bill) from each stock (compatoyyet thestock premiungr; — ro) and we must
also subtract thasklessrate of return (i.e. the Treasury Bill) from theriet return (i.e. DJIA) to
get themarket premiun{r. — o). Now using Eq (3.67), we compute risks at titmefor each
company at scalé, and arrange them in increasing order in portfalieper Table 4.1. Similarly
for the next scale, we compute risks at timér each company at scale and arrange them in
increasing order in portfolios as per Table 4.1.

741

DJIA
o
o
N

0 200 400 600 800 1000 1200

Coca Cola

0 200 400 600 800 1000 1200

0.03

0.01
0.01 T ‘ | o ' ﬂuln]uwwnluﬂ

Treasury Bill

0.03

0 200 400 600 800 1000 1200
|
|

-, ——|

A
=
v

Figure 4.6 Returns for DJIA, Coca Cola and the Treasury Bill.

From Table 4.1, we observe that since we alway@nge companies in portfolios in increasing
order of theirbetas the contents of the portfolios change at eaclestale owing to different
values ofbetasat different timescales. The average refRrat timet, for each stock is computed

using the formula,

R =1000* Niztz r, 4.7

t=t,
t

wherer; = log X - log %1 andN is the total number of samples in the return tgmees of stock

pricesx in the interval,.

The value ofR for a stock is put alongside that stock in eactifpiio as shown in Table 4.1.

Hence, in each portfolio, we have multiscaétasat timet; and the corresponding returns at time
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t,. We are now ready to compute the averagiz, at timet;, and the average retugn, at
time t, for the portfolios to study risk-return tradeotfis various timescales. The values for
average portfolidbetasat timet;, and the average portfolio returns at titneare shown in Table
4.1 for three portfolio®;, P,, andPs, for the first two wavelet scalels andA,.

Table 4.1Procedure for building portfolios by arranging qaanies in each portfolio in increasing order of
their betasat each timescale.

é Scale 1 4,) Scale 2 4y)

E Company B R L | R Company B R L | R
Pfizer Inc 0.5t | 4.87 Pfizer Inc 0.6S | 4.87

Py Johnson and Johns D | 0.67 | 4.4€ | 0.65 | 4.39 | McDonalds CP 0.7€ | 6.5 | 0.74 | 5.09
Exxon Mobil CP 0.7¢ | 3.84 Exxon Mobil CP 0.77 | 3.84
Walt Disney-Disney C | 0.7€ | 6.6S Altria Group Inc 0.7€ | 5.6%

P, SBC Communications | 0.77 | 6.8C | 0.77 | 6.53 | Merck Co Inc 0.7¢ | 5.0¢ | 0.80 | 5.61
Verizon Commun 0.7¢€ | 6.0¢ Verizon Commun 0.82 | 6.0¢
Coca Cola Co The 0.7¢ | 4.1 Coca Cola Co The 0.84 | 4.1t

Ps McDonalds CP 0.8C | 6.55 | 0.80 | 5.44 | Johnson and Johns D | 0.87 | 4.4€ | 0.87 | 3.86
Altria Group Inc 0.81 | 5.63 Procter Gamble Co 0.8¢ | 2.9¢

We can in fact plot the average portfolio returressus the average portfollzetasat each
timescale and fit a straight line to our plots gsen OLS estimate. This straight line will
correspond to theecurity market lindSML) described in Sections 2.3.2 and 3.5.2, asdlope

and intercept will be a measure of the efficiendytte CAPM and hence of the risk-return

tradeoff.
/ 8.0 Scale 1 4,) \ / 6.0 Scale 2 4,) \
y =10.1x - 2.02 b, N
2 6.0 S o P
: . c 40 >
5 Ps 5 _ Ps
g 40 B, g y =-10.2x + 13,05
2 2
i € 20
g 20 g
0.0 0.0
0.0 _ 0.5 1.0 0.5 0.8 1.0
\ Portfolio Beta at; / \ Portfolio Beta at; j

Figure 4.7 Risk-return tradeoffs at scales one and two fotfplios constructed in Table 4.1.
The red straight line fit is thgecurity market linéSML).

Figure 4.7 shows the risk-return tradeoffs at wetvetalesl; andA, for the three portfolios built
in Table 4.1. We observe that the predictions ef @APM are more meaningful at scdlethan

at scalel, for this particular example although we note thatrveed to plot more portfolio values
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before we can actually fit a straight line througbm with a certain degree of confidence — this
example is just for illustrating our methodologydam full study is reported in Section 4.3.2. For
scale; a high slope and a good fit of the SML is obserwdtle for scalel, the slope of the
SML is negative and does not conform to the praitistof the CAPM. From this analysis, we
can conclude that the time horizonf= 2 to 4 days, has been most profitable for companies in
portfolios P;, P,, and P; since high returns were obtained for low risks b(€a4.1), while
maintaining the validity of the CAPM at this timerizon.

We can regard the output of the risk managemenuteas a kind ofummarythat characterizes
the risk-return tradeoffs at various time horizdos multivariate time series data. In Section
4.3.2, we will study the same data in greater tethere risk-return tradeoffs will be generated
for six wavelet scales for all the ten portfoligge will also show how we can change the number
of companies per portfolio and the time peribdandt, to study risk-return tradeoffs at various

timescales in multivariate data.

4.1.3 Medical Diagnosis

The medical diagnosis module separates out congdstiart failure (CHF) patients from normal
patients by carrying out a power law analysis basedhe wavelet variance. As discussed in
Section 3.5.3, empirical results show that theisgatxponenta, for R-R recordings of normal
patients is scale invariant or in other words ablg across timescales. On the other hand, the
scaling exponentr for R-R recordings of CHF patients is unstableossrtimescales [152]. The
medical diagnosis module makes use of this empirgsailt to discriminate between normal and
CHF patients by analyzing their ECGs.

A block diagram of the medical diagnosis modulgiissented in Figure 4.8. The input to the
medical diagnosis module comprises ECG signal®oohal and congestive heart failure patients.
The ECG-RR Converter component converts each EC&ding into an R-R ‘time’ series, as
detailed in Section 3.5.3. The Wavelet Varianced8aSDF component estimates the spectral
density levels in each R-R time series as a funatiotimescalel; using methodology described
in Section 3.3 and Eq (3.58). As the name sugginssower Law Analysis component examines
power law behaviour in the multiscale spectral dgnkevels of each R-R time series by
calculating the scaling exponeat using methodology developed in Section 3.3.linalfy, the
Scaling Instability Index component computes thalisg instability index4S to measure the
extent of the fluctuation of the scaling exponertver timescales for each R-R time series. It is
obvious that for CHF patients the value48 will be consistently higher (sinag fluctuates over

timescales for CHF patients) as compared to thgevaiAS for normal patients (since is stable
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over timescales for CHF patients). The medical misis module plots the value 4f for all

ECGs examined as its output and hence separat&Hbupatients from normal patients.

1 @
{4 @
1 e CHF Patients
Wavelet i

a Power Scaling )

IE:CG -RR |y Variance |, Law —»| Instability - --
onverter Based Analysis Index [

SDF b
ECG Data ° i
Normal Patients

1 @
4 @

4S

Figure 4.8Block diagram of the medical diagnosis module.

We will now consider an example to elaborate thefionality of the medical diagnosis module.

Figure 4.9 shows two R-R time series, one for anabmpatient (green) and the other for a CHF
patient (red). The normal R-R series has 100210pkmmwhile the CHF series has 75542
samples. The green plot is for the normal patieniterthe red plot is for the CHF patient. By

visually examining the two signals we can say thatnormal R-R time series (green plot) has
certain trends whereas the CHF R-R time series [ftet] appears to be more like a random
process. In other words the red plot appears tegzosiore complexity (and variability), which is

a characteristic of healthy complex systems, aspemed to the red plot. Using methodology
described in Section 3.3 and Eq (3.58), we compluteHaar wavelet variance based spectral
density levels (SDF) as a function of timescale fioe two R-R recordings. For both R-R

recordings, we uselavel-10MODWT decompositionJ, = 10) to estimate the wavelet variance.

The result of this analysis is presented in Figud® which shows the SDF versus timesqdde

on alog-log graph, for the two R-R recordings. As discusse®dation 3.3.1, the slope of the

SDF versus timescajgot on alog-log graph will give us the value of the scaling expare

. 2.0 Normal Patient ‘ _ 2.0 CHF Patient
3 3
2 15 £ 15+
£ 10 N ‘ 1 210 “ A #
5 5 W
g k\ : M 2
L 0.5/ £ 0.5
2 i)
0.0 . : 0.0 .
0 50000 100000 0 50000
Interval Numbei Interval Numbei

Figure 4.9R-R time series for a normal patient (green) aH& patient (red).
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To check for the stability ofr over timescales (i.e. scaling stability) we examits value over
two regions, namely between scales 1 and 3, andebetscales 3 and 10. For this purpose, we
have fitted two separate straight lines betweetesch and 3, and between scales 3 and 10 for
each of the two SDF versus timescale plots usiagthinary least square (OLS) method (Figure
4.10). The two lines for the normal patient ar&Aand B’'C’ while the two lines for the CHF
patient are AB and BC. By visually examining thetplin Figure 4.10, we can say that the
difference in the slope of A'B’ and B’C’ is signifantly lower than the difference in the slope of
AB and BC. That is, the value of the scaling expuareis stable over timescales for the normal
patient whereas its value is unstable over timesdalr the CHF patient. This leads us to define a

scaling instability indexS given by,

AS= |(0'1_3) - (0'3—10)| ; 4.8

where the suffix otr represents the scales for which it is computed.

10

—m— Normal

100 1000

Timescale;

Figure 4.10Wavelet variance based SDF versus timescale platlog-log graph for the normal patient
(green) and the CHF patient (red) of Figure 4.9.

From Eq (4.8) and Figure 4.10, it is clear thatwhkie ofA4S (scaling instability index) for CHF

patients is higher than its value for normal pdsethat is,

|(Slopae) — (Slopgc)| > [(Slopeve) — (Slopec)|- 4.9
In this particular example, the value 48 for the CHF patient is 1.23, and that for the rarm
patient is 0.22. In Section 4.3.3, we will analgzdataset of 45 ECG signals where 22 ECGs are
of normal patients and the other 23 are of CHFepési

4.2  Algorithms

In the last section, we discussed in detail thhigcture of our wavelet framework for time series
analysis and summarization. In this section, wesgme three generalized algorithms, namely
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pattern identification, risk management, and medi@gnosis to complete the description of our

wavelet framework.

Figure 4.11 shows the first algorithm, which idedithepattern identification algorithminput to

the pattern identification algorithm comprises finl tick data and theompressiorperiod for
which the tick data is to be analyzed. The outduthe pattern identification algorithm is the
Surrey Market Report. With the advent of the Inérand online data vendors, more and more
financial time series data is being recorded, sedpand stored online. In financial markets,
traders both ‘bid’, price at which they are prepla® buy and ‘ask’, price at which they will sell.
This system of bid / ask pricing ensures the sglaréhase of instruments without any delay. A
day’s trading (comprising almost 24 hours) for sudelta could generate 25,000 to 30,®@Rs

per day per instrument.

Financial tick data is not a time series as sutihks are reported as and when a transaction takes
place, and hence values in time are not equallgespalrhe pattern identification algorithm has
the capability tocompresstick data to a desired time period and rendeisitaime series of
equally spaced intervals. Tlsempressioracts as a surrogate for the original: the maxiHigh)

and minima (Low) of the data over a fixed inter{tgpically, one minute).

Algorithm 1: Pattern Identification

Input  : (1) Financial Tick Data
(2) Compression Period
Output : Surrey Market Report describing the market dynamidifferent time horizons

I Compress the tick data to get opeg, high tv), low (), close ), values for a given input
compression period (for example one minute or fiveutes).
1. Calculate the level, of the DWT MRA needed, based on the number of sanhpie<:,
o0 3 floor [log (N) / log (2)] -1
1. Perform alevel-3 DWT MRA onc, using Egs (3.16, 3.17, 3.26, 3.27, 3.33, 3.34,358 to get the

wavelet details and smooth,
p@ndsy, j=1, ..., d.

IlI-1.  Compute tha@rend(s) by checking for an inflexion point is, and using linear regression.

IlI-2.  Extractcycle (seasonality) by performing a Fourier power speuntanalysis (using Egs (3.7 to 3.9))
on the wavelet detailsj, and choosing the detail with the maximum powehasyclical
Componentdcyc\icah

N-1 2 .
doyoical = max(z ‘dj.[‘ j. j=1 ... ..
=0

I1-3. Extractturning points by determining the abscissa of the extremat;, of
turning points = abscissa [max)dmin (d)],j =1, ..., 3.

V. Compute the volatility o via,
1 ¥ |log (c) - log (64|

IV-1.  Locate asingle variance changé in the volatility series; by using the NCSS statistic described
by Eqgs (3.68 to 3.70),
¢ k abscissa (D) = abscissa [max {DD)].

V. Fill the Surrey Market Report HTML template with outputs of Steps IlI-1, I1I-2J43, IV, and IV-
1 to generate a numerical and graphical summary.

Figure 4.11Pattern Identification Algorithm.
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The value at the start (Open) and at the end (Llafsthe minute acts as the surrogate for other

data during the minute. Datmpressioressentially yields four new time series: Open,hig

Low, and Close data values. For instance, the dajrdrading of an exchange rate instrument

GBP-USD (£/$) comprising over 25,086ks can be compressed into 1-minute slices resulting i

1440 data points per day. Once the data has beepressed, the pattern identification algorithm
analyzes iwith the DWT MRA and the FFT to generate the Suivigrket Report. The output
from our pattern identification module can be relgar as a kind ofummarythat characterizes

market dynamics at different time horizons.

Algorithm 2: Risk Management

Input

: (1) One time series of the composite index,
(2 time series of companies within composite indexi =1, ..., n
(3) One time series of the trepsuate, Xo:
(4) Period for which risks areb® computed;
(5) Period for which returns soée computed;
(6) Number of portfolios to be regkl
(7) Number of time horizons toébe@amined,)o

Output : Risk-return tradeoffs at different time horizofsd ) and raw risk-return tradeoffs

V-1

VI.

Computereturns for all input time series,
it £log (%) —log (%.1), i =1, ..., n. // company returns
rme =109 (Xn) — 109 (1) // market return
rot = log (%) — 109 (%e1). // risk-free rate of return

Convert returns intpremium returns for all company returns and market return,
My =rig— o, i =1, ..., N. // company premiums
Imt = Fme— Fo. // market premium

For time period;, computemultiscale betas(Eq (3.67)) for each company using results of $tep
Cov(W; , W) ,
e s Fhendel i=ken

mj

For time period;, computeraw betas(Eq (3.66)) for each company using results of $tep

ﬂi :w’i =1,..,n

m
For time periodt,, computeaverage returnsfor all companies, using Eq (4.7),

R=1000* 23" ¢
N,

t=t, it

Build k portfolios at eachtimescalej, and fill each portfolio witm/k companies in increasing order
of theirbetasat timet; (output of Step Il), along with their corresponding averagerns at time,
(output of Step Ill),

Pe=1,...,kj=1, .., 3

Build k portfolios at the sampling frequency (foaw data), and fill each portfolio with/k
companies in increasing order of thiegtasat timet; (output of Step II-1), along with their
corresponding average returns at timg@utput of Step Ill),

=1, ...,k

For each portfolid®, at eactiimescalej, compute the averag®rtfolio betaSs.; and average
portfolio return Recj,

[Becjy Recll =1, ...,kKj=1,..., 3

For each portfolid>, at the sampling frequency (foaw data), compute the averagertfolio beta
Brcand averaggortfolio return Reg,

[Bee, Red. c =1, ..., k
Plot average portfolibetasversus average portfolio returns and fit straight linesuthin OLS

estimates at different scales (output of Step V) atideasampling frequency (output of Step V-1)
to studyrisk-return tradeoffs at different time horizons.

Figure 4.12Risk Management Algorithm.
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The second algorithm, called thisk management algorithnis shown in Figure 4.12. This

algorithm manages portfolios of stocks and genseratgk-return tradeoffs at different time
horizons. Inputs to the risk management algorittiimprise multivariate time series data, time
periods for which risk-return tradeoffs are to hedged, number of portfolios to be built, and the
number of time horizons to be examined. Based enQAPM, the risk management algorithm
computes multiscalbetas(risks) in one time period for all companies imsi& composite index

and computes the returns in the next time peribe. digorithm then builds portfolios of stocks at
each wavelet timescale according to the valuebeth for each company. Finally, at each

timescale, average portfolo®tasand average portfolio returns are computed anitigolo

A linear regression (OLS estimate) is performefittstraight lines to the risk-return plots at each
timescale. These straight-line fits represent sleeurity market line(SML) of the CAPM
(discussed in Section 2.3.2) and their slopes argidepts give us a measure of the performance
of our portfolios. We are able to determine, asvt@at companies gave higher returns for lower
risks and at what timescales. The output from @k management module can be regarded as a

kind of summarythat characterizes risk-return tradeoffs at défertime horizons.

The third algorithm is called thmedical diagnosis algorithyrand is shown in Figure 4.13. Inputs
of the medical diagnosis algorithm are ECG sigoalsealthy (normal) and CHF patients.

Algorithm 3: Medical Diagnosis

Input  : (1) ECG signals of CHF and normal patients
(2) Number of time horizons toéb@amined,)y
Output : Separation / classification of CHF and normal pesie

I Convert all ECG signals intiR-R ‘time’ series.

1. For each R-R time series, compute Wevelet variancebased spectral density leve®F) as a
function of timescald); using Eq (3.54 & 3.58),

€, =2162(A)) | =1..3,

II-1. For each R-R time serieplot log-log representation of the SD& as a function of timescald
(output of Step Il) to studgower law behaviour.

11-2. For each SDF versuj plot of Step 1I-1, determine thezaling instability index A4S by computing
slopes (or the value of scaling exponehtn two regions, namel¥ tor; andr to Jo,

AS= ‘(aﬁl) - (arlalo)"

1] Plot the value of the scaling instability indé% for each R-R recording separateoutCHF
patients (who will have higher values4f) from thenormal patients (who will have lower values
of 45).

Figure 4.13Medical Diagnosis Algorithm.

The algorithm first converts all ECG signals inteRRime series and then examines power law
behaviour in each one of them by computing the 8®& function of timescale. Finally, the value
of the scaling exponemt is computed in two frequency ranges to checktfostability over these

frequencies. In other words, a scaling instabilitgdex is defined and computed. Based on

empirical results, which suggest that the valu¢hefscaling instability index is higher for CHF
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patients, and lower for normal patients, the atbani is able to classify (separate) the two

categories of patients.

4.3 Case Studies

Now that we have discussed our system architeendealgorithms in detail, we are ready to
perform case studies to explain the kind of outmuts wavelet framework produces. First, we
will demonstrate the generation of the Surrey MaReport by the pattern identification module
for a British Pound - US Dollar (GBP-USD) exchamgte time series. This will be followed by a
study of risk-return tradeoffs in the DJIA usingraisk management module. Finally, we will
examine ECG signals of healthy and CHF patients aiir medical diagnosis module.

4.3.1 Surrey Market Report

In this case study, we examine how our patterntifileation module generates the Surrey Market
Report to describe the market dynamics at varios horizons for a given time series. Our input
data compriseick datafor the British Pound — US Dollar (GBP-USD) foneigxchange rate on
May 6, 2004. There are approximately 25,000 ticksttie GBP-USD exchange rate data on this
particular day. Our intention is to study thisadah a minute-by-minute basis hence we perform
a one-minute compression on it before analysispoifat to note here is that our pattern analysis
module has data compression capability, and we campress tick data into different
compression periods, for example 5 minutes, 30 tagwetc. Here, the compression operation
results in an equally spaced time series of 1408utes or samples, in which we will study

cycles, trends, turning points, and structural gean

The front page of the Surrey Market Report for @&P-USDtick data is shown in Figure 4.14.
The pattern identification module generatdseadlinebased on the characterization of the trend
in terms of its slope and intercept. This headimelisplayed on the front page of the Surrey
Market Report. The front page also displays mdikes Trend Analysisand Cycle Analysis
which the user can click to go to that particulact®n of the analysis. The full report for the
GBP-USD exchange ratiek data generated by the pattern identification medah be viewed at
[145].
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Figure 4.14Surrey Market Report generated by the patterrtifigation module for the GBP-USD minute-
by-minute exchange rate on May 6, 2004. The fydbrecan be viewed at
http://www.saifahmad.com/May6/SurreyMarketReporti?.h

Figure 4.15 shows the graphical summary generatatidbpattern identification module for the
GBP-USD exchange rate of May 6, 2004. The origifzah is shown as a grey coloured plot. We
observe that there are two trends in the data (blo®. The first trend is aoptrendwhile the
second trend is downtrend This is what is displayed in the headline of $werey Market Report
(Figure 4.14), which says, “The British Pound fadifer rising against the US dollar”. The
graphical summary of Figure 4.15 also shows thdecidentified in the data (green plot), the
turning points (open red circles) and the varidmasak (dark red vertical line). In this particular
example, the wavelet detal} represents the cyclical component in the origaighal and hence
the cyclicality in the data is 64 - 128 minutes. Weserve that the cyclical componeht(green
plot) coincides with major fluctuations of the inpiime series (grey plot). If we look at the
structural or variance change (dark red verticad)li we observe that the amplitude of fluctuations
in the original signal (grey plot) has reduced raftés point in time. In other words the volatility
of the time series has reduced after the"@Bihute which represents a change in varianceef th

series.
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Figure 4.15Graphical summary of the GBP-USD generated by#ttern identification module, showing
the trend (blue plot), cycle (green plot), turnpngnts (red circles), and variance change (darkvestical

line).

The numerical summary generated by the patterrtifition module for the GBP-USD time

series is shown in Table 4.2.

Table 4.2Numerical summary of the GBP-USD generated by#teern identification module.

1st
Phase

XIrend = 285e-06t +179,t < 1028

Trend
2nd

Phase

X, " = -973e- 08 + 180, 1028 < t < 140

Turning
Points

452, 484, 516, 596, 612, 628, 636, 642, 644
648, 653, 656, 666, 772, 900, 1028, 1297, a
1409.

hd

Variance
Change

854" minute.

Cycle

64 - 128 minutes.

The trend has been characterized by two equatibrstraight lines which tell us about the

gradients, intercepts and locations of the twodsettetected. In addition, the numerical summary

comprises the value of the period of cyclicality (6128 minutes), and the location in time of the

structural break (8%4minute) and turning points.

The graphical and numerical summaries producedubypattern identification module are solely
based on théetails andsmoothsof the DWT MRA. In this case study, the trendhs wvavelet

smoothsy, the cycle is the wavelet detdil and the turning points are extremas of waveldildet

d; to dg. Hence our pattern identification module has bage to describe the market dynamics at

various timescales for the given dataset.
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In Section 4.4, we will undertake a human, as vaslla statistical evaluation of our pattern
analysis module to test the robustness with whichn identify trends, cycles, turning points, and
variance breaks in time serial data. In the huexeduation section (Section 4.4.1) real-world
time series will be given to experts who will mddatures on these time series with hand. The
same time series will then be analyzed by our pattientification module. The results produced
by our system will be compared with the expertshigm with regards to various patterns in the
time series examined. In the statistical evaluasiection (Section 4.4.2) artificial time serieslwil
be created with predefined properties. Noise vhiéint be added to the artificial time series to
investigate what level of noise still allows forethdentification of features like trends and
variance breaks. Outputs produced by our systeng ulfferent wavelet filtersnjother wavelejs
will be compared with other approaches like thelwabwn moving average (MA) technique,
and the null hypothesis testing technique.

4.3.2 Risk-Return Tradeoffs in the DJIA

In this case study we perform a multivariate maltie analysis using our risk management
module to study risk return tradeoffs in the DJTAe input data comprises the daily values of the
DJIA, the daily prices of the 30 companies witlie DJIA, and the daily values of tfieeasury

notefor the sample period of January 3, 2000 to Deeer8t, 2004, a total of 1246 data samples.

We note here that since all prices will be conwkriteo returns by the risk management module,
the sample size will reduce to 1245 from 1246. Wehwto make 10 portfolios for the 30
companies in the Dow and want to study the riskfrettradeoffs at six wavelet scales. In
addition, we want to analyze risks for a periodl600 samplest{ = 1000 while we want to
examine the returns for the remaining 246 sampjesZ45).

The output of the risk management module for thevalbdataset is presented in Figure 4.16,
which shows the risk-return tradeoffs of 10 portslifor the raw data and for wavelet scales 1 to
6. Since the number of portfolios is 10, each plidfcontains three companies each. Full details
of the portfolios built by the risk management miedfor the raw data and the six wavelet

timescales are shown in Tables 1la - 1§ppendix A

In Figure 4.16, we observe that different sloped iaercepts of the SML are obtained for raw
data and for the various wavelet timescales. Thignojn risk-return tradeoff is achieved at scale
6 (Jg), since the slope of the SML is highest at thisetihorizon. If we look at Table 1g in
Appendix Awhich shows the construction of portfolios forstigarticular time horizon/g), we
observe that risk values therein are consisteotlyet as compared to risk values for raw data
(Table 1aAppendix A and for scaleg; to As (Tables 1b - 1fAppendix A This is exactly what

an investor is looking for -high returns for lower risksFor the dataset and time periods
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examined, our risk management module tells us ahimader operating at timescale 6 (64-128
days) is likely to makenaximum profifor aminimum riskby building his portfolios as per Table
19 Appendix A The outputs of Figure 4.16 and Tables 1a toAlpéndix A can be regarded as
a summaryof the multivariate input data that characteriaek-return tradeoffs for raw data and
for different time horizons in the data.
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Figure 4.160utput of the risk management module: Risk-rettadeoffs in the DJIA for 10 portfolios
(with 3 companies each) for raw data, and scaleelq — 4 days) to scale 6 (i.e. 64 — 128 day=g. S
Appendix Afor more details.

4.3.3 Separating CHF and Normal Patients

In this case study we examine ECG signals of 4festbusing our medical diagnosis module. A
similar study but with a smaller dataset of 27 eatyj (15 CHF and 12 normal) has been reported
by Thurner et al. ifPhysical Review Lettefd52]. For their data source, the authors refehéo
Physionet website [120]. However, no mention is enasd to which of the several databases that
exist on Physionet have actually been used fosth@y. For our analysis, we have collected 45

ECG signals from the Physionet website, the detdighich are as follows:
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Table 4.3Details of the ECG signals examined.

Database Names of Number
Source Description X of Signals | References
Name Signals Used
Used

The BIDMC ECG recordings from 15 subjectg
Congestive B (11 men, aged 22 to 71, and 4
Heart Failure Physionet women, aged 54 to 63) with CHFO1 to CHF15 15 (150]
Database severe congestive heart failure.
ﬁgggelfgi\lljre 29 long-term ECG recordings of CHF201 to
RR Interval Physionet| subjects aged 34 to 79, with CHF208 8 [28]

congestive heart failure.
Database
Normal Sinus 54 long-term ECG recordings of
Rhythm RR . subjects in normal sinus rhythm | NSRO01 to
Interval Physionet| 34 men, aged 28.5 to 76, and 24 NSR022 22 (111]
Database women, aged 58 to 73).

As per Figure 4.8 and algorithm of Figure 4.13 G recordings are converted into R-R ‘time’
series by our medical diagnosis module before aiglyThe number of samples in the 45 R-R
recordings range from 75,000 to 100,000. We perfantevel-10 (J, = 10) MODWT

decomposition on the 45 R-R recordings. The ougiuhe medical diagnosis module for the

above data is presented in Figure 4.17.

C MODWT Haar Wavelet Variance N N
10
log-log plot 25
1 N
2| e
01 ! > CHF
15
[
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1w [N
9 0.001 [ o u
° [_]
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0.00001 8 I J
1 10 100 1000 15
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Figure 4.170utput of the medical diagnosis module: the Iafitdh plot shows the variation of the MODWT
SDF () against timescalel() on a log-log graph while the right-hand plot sisawe values of the scaling
instability index @S) for all the 45 patients examined.

The plots of CHF patients are shown in red andpthes of normal patients are shown in green to
better visualize the separation of the two dataSéis left-hand plot in Figure 4.17 shows the
variation of the SDF(;) against timescalel{) on a log-log graph while the right-hand plot slsow
the values of the scaling instability indefSj for all patients examined. For all 45 signals th
value ofAS is computed based on Step II-2 of Algorithm Fmfure 4.13 using scale 3 as the
inflexion point. As discussed earlier in SectionS.3 and 4.1.3, the wavelet variance (or SDF)

plots for normal patients are roughly linear acraktsimescales (constant value of the scaling
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exponenta). On the other hand, the wavelet variance (or Spéfs for CHF are not perfectly
linear across all timescales (instable value ofsiteding exponend). This is clearly depicted in

the left-hand plot of Figure 4.17, where all thear lines tend to be straight whereas the red lines
tend to be bended.

Table 4.4Values of scaling instability indeXAg) for all the 45 subjects using the MODWT.

MODWT
S No. Normal CHF
Signal AS Signal AS

1 NSR001 0.2223 CHFO1 1.228p
2 NSR002 0.0446 CHFO02 2.001B
3 NSR003 0.3000 CHFO3 1.812p
4 NSR004 | 0.2398 CHF04 1.257f
5 NSRO005 0.0749 CHF05 0.875p
6 NSR006 0.8862 CHF06 1.870B
7 NSR007 0.6855 CHFO7 1.831p
8 NSR008 0.3369 CHFO08 0.639f
9 NSR009 0.5048 CHF09 1.396p
10 NSR010 0.0198 CHF10 1.560b
11 NSRO11 0.1848 CHF11 1.769f
12 NSR012 0.0069 CHF12 1.625(
13 NSR013 0.1918 CHF13 1.876¢
14 NSR014 0.4441 CHF14 1.784b
15 NSRO015 0.2962 CHF15 0.658p
16 NSR016 0.4705 CHF201 1.5529
17 NSR017 0.2168 CHF202 0.6281
18 NSR018 0.5874 CHF203 1.42

19 NSR019 0.5122 CHF204 1.7008
20 NSR020 0.9769 CHF205 1.2200
21 NSR021 0.1208 CHF206 1.8118
22 NSR022 0.2251 CHF207] 1.5509
23 - - CHF208 1.8652

If we carefully examine the wavelet variance or Sidéts in Figure 4.17 (left-hand plot), we can
see aseparationof healthy and CHF patients at wavelet scalesdt@anAt all other scales, the
values of the SDF for the two datasets seem tmteenningled. As pointed out by Thurner et al.
in their Physical Review Lettesuch a separation can be attributed to the alifithe wavelet
analysis to expose a scale window between scaé 4 16 heartbeat intervals) and scale? £

32 heartbeat intervals) for which the variances ofrma and CHF R-R recordings fall into
disjoint sets [152]. We also observe that the divgeaiability (values of SDF) of normal patients
is higher than the overall variability (values dP§ of CHF patients at most timescales — the

green plots tend to be above the red plots at suagés.
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Figure 4.18Bar plot showing average values of the MODWT-baszading instability indexAS) of the 23
CHF and 22 normal subjects along with thealueobtained from a studetitest The positive and negative
error bars show the standard deviation of eachpyrou

The right-hand plot in Figure 4.17 shows the valoiethe scaling instability indeAS for the two
datasets. In most cases, the valud®is higher for CHF patients as compared to norratiepts.
There are a total of four instances where a CHempiafred dot) has been wrongly classified as
normal (green dots). That is, our system has bbknta separate out (classify) CHF and normal
patients with a high degree of accuracy where @mly signals out of the 45 that were analyzed
were classified wrongly. In Table 4.4, we provithe tvalues ofAS for each of the 45 subjects
studied. We plot the average value\&8f for the CHF and normal group as bars in Figut8.4.
We observe a clear distinction between the redth@dyreen bar in Figure 4.18 which is further
confirmed by an extremely low p value of 1.30E-18 & double tailed, two-sample equal
variance student'stest[142], [144]. This is further confirmed by the [foge and negative error
bars (representing the standard deviation of eactpy, which are significantly apart from each

other for the two groups.

Thurner et al. report that 13 out of the 15 CHHettls that they studied were classified correctly
by their system thus giving rise tosensitivityof 87%, and aspecificity of 100% since their
system classified all the 12 normal subjects ctigreMeasures ofensitivityand specificityare

based on a two by two contingency table of the glpawvn in Table 4.5 [135], where,
sensitivity= A / (A+C),
specificity= D / (B+D), and, 4.10
accuracy= (A+D)/(A+B+C+D).

By looking at Eq (4.10) and Table 4.5 we note thainformation retrieval(IR) systems, the
statistic precision is analogous tesensitivity whereasrecall is analogous tepecificity [124],
[147]. We also note from Eq (4.10) that thecuracy statistic is a combined measure of the

sensitivityandspecificity
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Table 4.5Contingency table for measurispecificity, sensitivity and accuracy

Patients with Patients without
disease disease
Testis A B
positive
Test c D
negative

It is not clear whether Thurner et al. use the MOD@Y DWT for their analysis; although tiA&
values that they report are similar to th® values we obtain using the MODWT suggesting that
they do use the MODWT. We will later show thad% values obtained using the DWT are
significantly different than those obtained usihng MODWT.

Although Thurner et al. report sensitivityof 87%, if we look at Figure 3 (d) on page 1546 in
their letter, they plofAS (orA, as they call it) values for only 25 out of a tad&l27 subjects that
were actually studied. Moreover, we can observefFigure 3 (d) that twéS dots for CHF do

lie in the normal region. The question that remainanswered is that whether the reported
specificityandsensitivitycorresponds to the entire dataset of 27 subjedsmaller dataset of 25
subjects as shown in Figure 3 (d) of their papera@omparative basis, for a bigger dataset of 45
subjects, thesensitivityof our system is 83% since 19 out of 23 CHF sigraais classified
correctly, whereas thepecificity of our system is 100% since all the 22 normal dgree
classified correctly.

Based on our results, we conclude that heartbestvads of the complex human organism (which
is a complex system) exhibit scaling behaviour.r Rosystem under normal conditions, the
scaling is universal across timescales (fractabtietir), whereas for an abnormal system this

universality is disturbed.

Despite encouraging results produced by our medi@jnosis module, we believe that the
classification problem of CHF and normal subjecteds to be further statistically examined.
Therefore, in Section 4.4.2, we will put our metlid@gnosis module to a more rigorous test, so
as to evaluate its robustness in classifying CHE aormal subjects. This would involve
classification based on a “leave one out” methaghpld hresholds for scaling instability index
(AS) and inflexions in the SDF curves (to determimgical scale rl) will be computed
automatically each time during training for testthg classification of the “left out” (or unknown)
signal. For a more critical evaluation of the periance of our medical diagnosis module, values
of sensitivity(precision),specificity (recall), andaccuracywill be computed based on the “leave
one out” methodology described above. In additwa,will also compare the performance of the
MODWT versus the performance of the DWT for clasaition of CHF and normal subjects,

again, based on a “leave one out” methodology.
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4.4 Evaluation

In this section we evaluate the performance andstoless of our wavelet framework for complex
time series analysis. Two of the three modules harpattern identification, and medical
diagnosis, are put to rigorous and extensive t@siihe evaluation of our system has been divided

into two parts, namelfjumanevaluation, andtatisticalevaluation.

In the human evaluation section (Section 4.4.1cempare the patterns identified by our pattern
identification module with patterns identified byperts for real-world time serial data. In this
section, we report the results of a questionnairgetl study for the evaluation of our pattern

identification module.

The statistical evaluation section (Section 4.423 three subsections — the first two subsections

(Identification of TrendsndDetecting Variance Breaksleal with the statistical evaluation of the

pattern identification module whereas the thirdssdbion Medical Diagnosis Modu)edeals with

the statistical evaluation of the medical diagnosixiule.

In the first two subsectionddentification of Trendsand Detecting Variance Breaksof the

statistical evaluation section we assess the pwdoce and robustness of our pattern
identification module by creating artificial timerges with predefined properties. Noise is then
added to these time series to determine what kegfvabise still allows for the identification of
features such as trends and variance changes. Weuwspattern identification module with
different mother wavelets to identify patterns ntifizial time series with increasing levels of
noise. We then compare the outputs from our sysigthh existing techniques like moving

average and cumulative variance statistic.

In the third subsectionMedical Diagnosis Modu)eof the statistical evaluation section we

evaluate the performance of our medical diagnosuie. This involves testing of the
classification capability of the medical diagnasisdule based on a “leave one out” methodology
with automatic computation of th&S thresholds and SDF inflexions (or critical sadlpduring
training. A comparison is made between MODWT and Dt the classification of CHF and
normal subjects based on contingency tables anddimputation of statistics such sensitivity

specificity andaccuracy

4.4.1 Human Evaluation

A major part of the human evaluation exercise waotked to assessing the performance of the
pattern identification module for identifying tres)dturning points and variance changes in

complex time serial data. A comprehensive questimarwas prepared which was then forwarded
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to experts for their opinion. The questionnaire pdsed two major sections. In the first section,
experts were presented with various time seriets @lod were asked to mark features like trends,
turning points, and changes in behaviour with gerfidcie second section of the questionnaire
showed outputs of our system for various time seded the experts were asked to rate the
identified patterns on a scale of minus five, tlglowero, to plus five. We have prepared an
evaluation document that contains details of trestjannaire and the responses we received from
various experts from around the world. The evatuatilocument can be downloaded from:

www.saifahmad.com/evaluation.pdil46]. In Appendix B we show some excerpts of the

evaluation we undertook to assess our system.

There were a total of eight experts who actuallykttime out to complete our questionnaire.

Details about the eight experts who evaluated gstes can be found in Table 4.6.

Table 4.6Rating of system output for Q8 to Q12.

Var. Turning All
Exgert Name & Details Trend Chng. Points Three SAc\:/c?r.e
Q8 Q9 Q10 Q11 Q12
Dr. Jo Evans
1 Lecturer, Economics 4.0 3.0 -2.0 -2.0 3.0 1.2

University of Surrey
Dr. Shah Jalaal Sarker
2 Department of Public Health Sciences 4.0 4.0 1.0 3.0 3.0 3.0
King's College London

Prof. Philip Hans B.F. Franses
Econometric Institute, & Department of
Marketing & Organization

Erasmus University Rotterdam

Prof. Martin Crowder

4 Department of Maths / Stats -2.0 -3.0 -5.0 -5.0 -5.0 -4.0
Imperial College
Prof. John Nankervis
5 Department of Economics -3.0 -3.0 1.0 2.0 -2.0 -1.0
University of Essex
Mr. Florian Wieners

6 Trader -4.0 -5.0 3.0 4.0 3.0 0.2
JRC Berlin
Dr. A Heen

7 Researcher 2.0 -2.0 0.0 2.0 1.0 0.6

London Hedge Fund
Dr. Steve Pollock

8 Reader, Economics 0.0 5.0 -3.0 -5.0 -3.0 -1.2
Queen Mary University of London

From the feedback we got from the experts, it #icdit to conclude whether the pattern
identification capability of our system is “goodt thad”. The experts seemed to have a very
subjective opinion when marking patterns on a gitieme series. Therefore, generally every
expert marked a different feature on the same sienges. This is quite evident from Tables 2a and
2b (Appendix B where there seems to be limited consensus otodation of turning points,
variance changes, and trends amongst experts. Maresince the experts marked the graphs by
hand, it was a difficult exercise to pinpoint exaavhich time-point they were referring to. In
Figure 2b Appendix B, we show the system output for the identificatéfra variance change in
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the EUR-USD exchange rate series along with theiapiof three experts for the same feature.
There seems to be a disparity in opinion amongstetkperts as to the exact location of the

variance change. One, expert (Expert #3) thinks ttiere is no change in the variance of the

signal.

For turning point identification, we found that swal comparison is more useful for drawing
conclusions about the performance of our systermelflook at Table 2a idppendix B there
seems to be little agreement in the time pointatified by the system and the experts as turning
points. However, on the other hand, if we look @juFe 4.19, which shows the turning points
identified by the system and the experts for S&P B@lex, we observe that the system has been

able to pick up ‘key’ turning points identified ltlge experts, apart from picking up a few others
which the experts did not mark.

If we visually examine the system output and expgihion for all time series analyzed in the
evaluation document [146], we find that the systeractually doing well in identifying various

features in a time series.
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Figure 4.19System output and expert opinion for turning pintthe S&P index.

Table 4.6 presents the results of the experts’iopion the patterns identified by our system.
Here again, we find very subjective and varied impis. For example, Expert # 8 gives us a five
out of five for identifying a variance change (Q@QTiable 4.6), while Expert # 6 gives us a minus

five for the same output. The same is true foptiker features identified by our system. Then we
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have input from Nobel Laureate Professor Clive @earwho thinks that these time series are
‘random’ or ‘stochastic’ and hence there is no petndying turning points in them (Table 4.7).

Another important opinion that we were able to gatlvas from Steve Pincus who has created a
method for measuring a signal’s “entropy,” or dasrand is the author of several papers in the
Proceedings of the National Academy of SciencesA@®NSteve Pincus did not actually answer
our questionnaire, but was satisfied with its desasgd content. He was of the opinion that we
should not restrict ourselves to traders only afwukl forward our questionnaire to
knowledgeable statisticians, and econometricianstwive tried to do. Table 2f iAppendix B

shows Steve Pincus’s response.

Table 4.7Nobel Laureate Clive Granger’s views on turninins

“l do not see the point in discussing turning peiftr a series that would well be a random
walk, particularly for data measured every minute.”

— Professor Sir Clive W. J. Granger, Nobel Laureat

We also analyzed some mechanomyographic (MMG) t@ataProfessor Travis Beck at the
University of Nebraska. Professor Beck found oualysis useful for “identifying nonstationary
versus stationary signals”. More specifically, loeirfid the capability of our system to locate a

variance change in a signal useful. Table Zppendix Bshows Professor Beck’s response.

We showed the existence of power laws in finand&th (Figure 2.15), in data characterizing
physical phenomena like ocean shears (Figure 3ab8),n medical data (R-R recordings). With
this, we laid the foundation for the use of wavelas a universal tool across various domains to
study the universal principle of scaling in compkystems. Our approach and hypothesis was
corroborated by Professor Stephen Burroughs auUtiieersity of Tampa, USA, who has co-
authored a paper in the Proceedings of the Natigwaldemy of Science (PNAS) in which
wavelet analysis is used to study shoreline chari$jé¢8]. Table 2g inAppendix Bshows
Professor Burroughs’s response.

4.4 .2 Statistical Evaluation

Identification of Trends

In this section, we will assess the accuracy withictv our pattern identification module can
detect trends, in artificially generated time sefiéth successive additions of noise.

Let us consider a 2000 samplime seriescomprising two trends which are essentially two
straight lines with different slopes and intercejoised together at sample number 1024. This
two-trended time series is described by Eq (4.4a)l is shown in the top panel (blue plot) of
Figure 4.20.
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Trend (t) = 0.008 t - 0.008, t < 1024
Trend () =-0.006 t + 8.01, 1024 < t < 2000

411

Let us also consider a normally distributed randwise process of 2000 samples which has a
sample mean of approximately one and a standardtaev of approximately five. This random
noise process (red plot) is shown in the bottomepaf Figure 4.20. We will now test the
robustness of our pattern identification module@tourately identify the two slopes {m 0.008
and m = -0.006) and inflexion (at 1024) in the two-treddsynthetic time series (top Panel,
Figure 4.20) with the successive addition of insmeg levels of random noise (bottom Panel,
Figure 4.20). The procedure of adding noise to Sfrethetic time series is described in the

algorithm of Figure 4.21.

8
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Figure 4.20Synthetic time series with two trends (top paaell normally distributed random noise
(bottom panel) with N = 2000 samples.

From the algorithm of Figure 4.21 it is clear thet iteratively increase the amplitude of the noise
process &) from 0 to 4.9 in steps of 0.1 which results itotal of 50 such iterations. We also
compute a signal to noise ratio (SNR) in decibdB) (which is defined as “the ratio of a given
transmitted signal to the background noise of thegmission medium” [137]. We note that the
numerator and denominator of the SNR formula isrtloé mean squaréRMS) amplitude of the
synthetic time series and the added noise respdctithe SNR statistic offers us a standard

measure of the levels of noise in the input signal.

The pattern identification module uses the methaglpldescribed in Section 4.1.1, Figure 4.4a,

Figure 4.4b, and Algorithm 1 (Figure 4.11) to detde two slopes mand m and the inflexion
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point in the input signal. For a comprehensive eatibn of the performance of the pattern

identification module, we will investigate its acaay in identifying trends with successive

addition of increasing levels of noise for differevavelet filters namely Haar, D(4): Daubechies
4-tap, D(6): Daubechies 6-tap, LA(8): Daubechiestieasymmetric 8-tap, and C(6): Daubechies
Coiflet 6-tap.

Noise Addition and SNR Computation Algorithm

Input  : (1) Synthetic time serieswith N samples
(2) Random nois®) (with N samples
Output : Noisy time series (Xwith N samples

for (i=0,0.1, ... 4.9)

X =%+ ig

SNthaogo\/Xiz+x§+---+xﬁ/\/i€f+i£§+...+ig§
N N

end;

Figure 4.21Noise addition algorithm.

In addition, we will compare the output from ouswm with the famous moving average (MA)
technique which is often used bgchnical analyst$o assess trends in financial time series [26],
[109]. Essentially, we will compute a 20-sample 2@-day if the x-axis of our synthetic time
series represented days) MA on the input signalted determine mm, and inflexion point of
the MA time series based on methodology describe8eiction 4.1.1, Figure 4.4a, Figure 4.4b,
and Algorithm 1 (Figure 4.11). This will allow us tarry out a one-to-one comparison between
the performance of various wavelet filters andNhe technique in identifying trends in the input

signal with increasing levels of noise.

Results of the simulations of iteratively addingsedato the input signal and detecting featurgs m
m, and inflexions by utilizing different wavelet #lits and MA technique are presented in Table
4.8; a Microsoft Excel Spreadsheet with the aatuahbers for Table 4.8 can also be downloaded
from [113]. In this simulation, we stop adding r@i® the input signal after 50 iterations (Figure
4.21, Table 4.8) when SNR reaches a value of -B8.88. This is because at this noise level, the
accuracy in detecting an inflexion point at 1024MA, Haar, and LA (8) filters deteriorates to
6.25% or less (which is significantly low) and rensaso for at least 10 iterations. Therefore, a
SNR = -13.8566 dB corresponds to a satisfactorgll®@f maximum noise to examine the
performance of various wavelet filters and the M&Hnique in detecting i, and inflexion in

the input time series — adding further noise da#éshange the results in any manner.

By observing the numbers in Table 4.8, we can aatfieterioration in performance of wavelet
filters and MA as the SNR decreases from infiniyta -13.8566. At SNR =, all wavelet filters
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(except Haar) and the MA detect,nm, and inflexion with an accuracy of 97.5% and above
whereas at SNR = -13.8566 there is a significantpzomise in performance.
Table 4.8Simulations for trend detection {mm,, and inflexion) with increasing levels of noiseéngs

various wavelet filters and moving average (MAhteique An equivalent Microsoft Excel Spreadsheet
can be downloaded from [113]
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As per Table 4.8, in Figure 4.22 we present a Viso@parison between the trends detected using
DWT LA (8) filter and MA for SNR = or zero noise. The straight line fits (red plétgure
4.22) to the wavelet smooth (middle panel, Figu&2¥and the MA time series (bottom panel,
Figure 4.22) are accurate — the values gfma and inflexion obtained from LA (8) are 0.0078, -
0.0060, and 1027 respectively and those obtainedh fiMA are 0.0078, -0.0060, and 1034
respectively, which are close to the actual vali@e808, -0.006, and 1024) of these parameters
(Eq (4.11)) in the input time series.

As per Table 4.8, in Figure 4.23 we present anatberparison between LA (8) and MA for trend
detection but for a SNR = -5.1581 instead of a SNR We can observe that both the wavelet
smooth (black plot, middle panel, Figure 4.23) #m MA time series (green plot, bottom panel,
Figure 4.23) have become quite jagged with thetmhddf noise in the input signal. Hence the
accuracy of the trends detected (red plots, FigL28) has also deteriorated. As a result, the DWT
now identifies the inflexion as 1033 instead of Z@Zhen SNR was equal to infinity. Similarly,

the MA now identifies an inflexion at 1063 instezdl034 when SNR was equal to infinity.
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Figure 4.22Comparison between trends detected using LA (8)ONter and MA for SNR = infinity.

In the considered examples (Figures 4.22 and 412@),DWT LA (8) filter seems to be
performing better than the MA technique in ideritify an inflexion point in our synthetic time
series for increasing levels of noise. That is,Nt#e technique seems to be more sensitive to the
addition of noise — the MA time series appears n@gged than the wavelet smooth time series
for the same level of noise (Figure 4.23). However,a more comprehensive and complete
evaluation, we need to compare the performancal afavelet filters used and the MA technique
in identifying features m m,, and inflexion in our synthetic time series — tlesults of this

analysis are presented in Figure 4.24.

For comparison purposes, we have set six count@rgo( G) to zero, where each counter

represents one wavelet filter and the MA techniagiper Table 4.9.

Table 4.9Set of counters to assess performance of wavkésfand MA in identifying my m,, and

inflexion.
Counter Name | Identity | Initial Value
C; Haar 0
C, D(4) 0
Cs D(6) 0
C, LA(8) 0
Cs C(6) 0
Cs MA 0
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Figure 4.23Comparison between trends detected using LA (8)IiNter and MA for SNR = -5.16.
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The counters described in Table 4.9 are built thiraes — once for assessing the accuracy with
which m is detected, once for assessing the accuracywhtbh m is detected, and once for
assessing the accuracy with which inflexion is cleid For assessing the accuracy with whigh m
is detected, we set the six counters to zero a¥qdge 4.9. Now we sequentially go through each
row of Table 4.8 and compute the absolute diffeesrwetween the actual value of amd those
detected by the various wavelet filters and MA. rElfiere for each row of Table 4.8, we have six
values (differences) which correspond to each effive wavelet filters and the MA. If the first
value (difference for Haar filter) is the smallestthe six, then counter;Gs incremented by one,

if the second value (difference for D(4) filter) ise smallest of the six, then countey i€
incremented by one, and so on. In other wordsegémh iteration through Table 4.8, a counter
corresponding to a wavelet filter or MA is increrteshby one if the difference between the actual
value of m and the value of pdetected by that filter or MA is the smallest. &l& more than
one technique returns an equal smallest valueefiifierence between the actual and detected
m,, then counters corresponding to those technigreealso incremented by one. This procedure

is repeated from row one to row fifty of Table 08 m;, m,, and inflexion separately.

Therefore, for SNR =0 to SNR = -13.8566, we have counters described ddyleT4.9 set in
different states for features;mm,, and inflexion. It is clear that for each featyrs;, m, or
inflexion), the counter (Cto G with the highest value indicates the best perforoe for its
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corresponding wavelet filter or MA. The graphicaldanumerical results of this simulation are

presented in Figure 4.24.
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Figure 4.24Comparison of the trend detection performanceaoious wavelet filters and MA from a SNR
=oo to a SNR =-10.9340. Plots 1, 2, and 3 respectivemgpare the performances for featurgsm and
inflexion considered individually, whereas Plotatpares the performance for features mp, and
inflexion considered together — i.e. the best dv@exformance.

In Figure 4.24, Plot 1 visualizes the performanteavious wavelet filters and MA for detecting
m;,, Plot 2 visualizes the performance of various vetvidters and MA for detecting gnand Plot

3 visualizes the performance of various wavelgefd and MA for detecting inflexion. We
observe that the wavelet analysis proves superiordéntifying all the three features with
increasing levels of noise, where one waveletrfittethe other out performs the MA technique
(Plots 1, 2, 3, Figure 4.24). In Plot 4 of Figur@4 we visualize the performance of various
wavelet filters and MA in detecting all three feas (m, np, and inflexion) together. In other
words, Plot 4 of Figure 4.24 visualizes thest overall performancef all the techniques studied
and is the sum of Plots 1, 2, and 3. We can sd@ldh4 of Figure 4.24 that the best overall
performance is achieved by wavelet filter D (4) ogvto its superior performance in detecting m
(Plot 1, Figure 4.24) and inflexion (Plot 3, Figut24). The D (4) wavelet filter is followed by
LA (8) and MA for the best overall performance ietecting features mm,, and inflexion (Plot
4, Figure 4.24).

In this study, we have demonstrated the robustoéssur pattern identification module in

identifying trends in time series in the presentenaise. Our system shows a fair degree of
stability and accuracy in trend identification wiglddition of increasing levels of noise (Table
4.8). A comparison with the MA technique indicatbat our wavelet framework is more robust
and superior in detecting trends for increasing@devels (Table 4.8, Figure 4.23, and Figure
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4.24). A clear benefit of the wavelet techniqus lie the availability of various filters which may
be well-suited for particular tasks. For examplaubechies D (4) filter performed the best in
detecting the slope n{Plot 1, Figure 4.24), the Daubechies LA (8) filpeerformed the best in
detecting the slope nfPlot 2, Figure 4.24), and the Haar filter perfechquite well (second only
to D (4)) in detecting the inflexion point (PlotBigure 4.24).

Detecting Variance Breaks

We now focus our attention towards the variancelbiidentification capability of our pattern
identification module. Let us consider two normatligtributed random noise processes, say,
ande, of 1000 samples each with respective standard tilev$aof 2 and 5, and a mean of 1 each.
These two random noise processes are shown ieftheahd and right hand plots of the top panel
of Figure 4.25. Let us now appengdande, to create a new time series of 2000 samples as
shown in the middle panel of Figure 4.25. Cleahnky thange in variance or standard deviation of

&3 lies at sample number 1000 and is depicted bytacakred line.
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Figure 4.25Two random noise processggtop panel, left plot), ang, (top panel, right plot), of 2000
samples each, with significantly different standdediations, appended to form a synthetic timessesi
(middle panel), resulting in a variance break=atl000. Bottom panel is another random noise prouess
2000 samples which will be iteratively added withreasing amplitudes &3 to obscure its prominent

variance change at t = 1000.

Let us also consider a normally distributed randwise process of 2000 samples which has a
sample mean of approximately one and a standairidtdev of approximately five. This random

noise process is shown in the bottom panel of Eigu25. We will now test the robustness of our
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pattern identification module to accurately identif change in variance at sample number 1000
in the synthetic time series (middle panel, Figu25) with the successive addition of increasing
levels of random noise (bottom panel, Figure 4.Z%) procedure of adding noisg)(to the

synthetic time serieg4) will be similar to the one described in the algon of Figure 4.21.

The pattern identification module uses the NCSS8stitadescribed in Section 3.4, Section 4.1.1,
and Algorithm 1 (Figure 4.11) to detect a changevariance in the input signal. For a
comprehensive evaluation of the performance of ghtern identification module, we will

investigate its accuracy in identifying a variarmeak with successive addition of increasing
levels of noise for different wavelet filters nameHaar, D(4): Daubechies 4-tap, D(6):
Daubechies 6-tap, LA(8): Daubechies least asymme@ttap, and C(6): Daubechies Coiflet 6-tap.

In addition, we will compare the output for detagtia variance change from our system with the
cumulative variance statistic which is a directoome of thenull hypothesigesting technique
often used bystatisticiansand econometriciando assess stationarity of time serial data [161],
[74], [26]. Essentially, the null hypothesig btates that,

Ho : var {Xo} = var {Xo, X} = ... = var {Xo, X1, ..., Xu-1}» 412

for a time series X= [Xo, X1, ..., %v.1] With N samples. Based on Eq (4.12), the cumudativ

variance statistic is defined as,

CV = [var {Xq}, var {Xo, Xi},..., var {Xo, X1, ..., Xu-1}]- 4.13

For a strictly stationary process, the cumulatiggance (CV) statistic described by Eq (4.13) will
comprise a smooth curve almost resembling a stréigg For a nonstationary process, there will
be an inflexion in the CV curve where the nonstaiity occurs. An inflexion point in the
cumulative variance statistic of Eq (4.13) is detieed based on methodology described in
Section 4.1.1, Figure 4.4a, Figure 4.4b, and Atgami 1 (Figure 4.11). This inflexion point will
correspond to the location of a variance changierinput signal. This will allow us to carry out
a one-to-one comparison between the performanceamdus wavelet filters inside the NCSS
statistic and the cumulative variance techniquiglémtifying a variance break in the input signal

with increasing levels of noise.

Results of the simulations of iteratively addingseog,) to the input signaleg) of Figure 4.25
and detecting a variance break by utilizing différeiavelet filters (i.e. computation of the NCSS
statistic with different mother wavelets) and cuativie variance technique are presented in Table
4.10. In this simulation, we stop adding noisehe input signal when SNR reaches a value of -
12.1696 dB (Table 4.8). This is because at thisentgvel, the accuracy of the CV statistic in
detecting a variance break point at 1000 drop9t8% and remains so for at least 10 iterations.
On the other hand, the accuracy of all waveleerSltinside the NCSS index in detecting the
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variance break point at 1000 remains at 78.4% ghédri (resulting in a significantly superior
performance of the wavelet filters as comparecheo @V statistic) for the last 10 iterations or
more. Therefore, a SNR = -12.1696 dB corresponds gatisfactory level of maximum noise to
examine the performance of various wavelet filterside the NCSS statistic and the CV
technique in detecting a variance break in thetitipoe series — adding further noise does not

change the results in any manner.

By observing the numbers in Table 4.10, we carcedtiat at SNR = or zero noise, all wavelet
filters and the cumulative variance detect the glean variance between 998 and 1000 achieving
an accuracy of 99.8% or higher. An apparent detsian in performance of wavelet filters and
cumulative variance in detecting the variance ckgmgnt at 1000 is observed as the SNR
decreases from infinity up to -12.1696 dB.

Table 4.10Simulations for variance change detection withiéasing levels of noise using various wavelet
filters (i.e. computation of the NCSS statistictwitifferent mother wavelets) and cumulative vareanc

technique.
Cumulative
SNR Haar D(4) D(6) | LA(8B) | C(6) Variance
Inf 1000 1000 1000 998 994 1001
17.9334 1000 1000 100D 994 998 1001
11.9128 1000 1000 100D 994 998 1001
8.3910 1000 1000 100D 998 998 1001
5.8922 1000 1000 1000 99§ 998 1001
3.9540 1000 1000 100D 998 998 1001
2.3704 1042 1000 100D 998 998 1001
1.0315 1042 1000 100D 998 998 1001
-0.1284 1042 1041 1041 968 1089 1041
-1.1514 1042 1041 969 968| 1039 874
-2.0666 1042 895 895 896 896 874
-2.8944 895 895 895 893 898 874
-3.6502 895 895 895 893 898 874
-4.3454 895 895 895 893 898 874
-4.9891 895 895 895 893 898 541
-5.5884 895 895 895 893 898 290
-6.1490 895 895 895 893 898 303
-6.6755 895 895 895 893 898 303
-7.1720 895 895 895 893 898 303
-7.6416 895 895 786 784 898 303
-8.0872 895 786 786 784 784 303
-8.5110 786 786 786 784 784 303
-8.9150 786 786 786 784 784 303
-9.3011 786 786 786 784 784 303
-9.6708 786 786 786 784 784 303
-10.0254 786 786 786 784 784 303
-10.3660 786 786 786 784 784 303
-10.6938 786 786 786 784 784 303
-11.0097 786 786 786 784 784 303
-11.3145 786 786 786 784 784 303
-11.6090 786 786 786 784 784 303
-11.8938 786 786 786 784 784 303
-12.1696 786 786 786 784 784 303

As per table 4.10, in Figure 4.26 we present aalisomparison between the variance break
detected using DWT Haar filter inside the NCSSigiatand cumulative variance statistic for
SNR =. Itis clear from Figure 4.26 (middle panel) thz wavelet NCSS statistic offers a very
clean detection of the variance break. On the otteerd, the green plot for the cumulative
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variance (bottom panel, Figure 4.26) appears dextoat the beginning. Hence we apply our
inflexion point detection methodology (Figure 4d=d Figure 4.4b) to the cumulative variance
time series from sample number 200 onwards. Thiseaobserved in the bottom panel of Figure
4.26 where the slanting red line is drawn from dammumber 200 till the end. The maximum
distance between the slanting red line and the tatime variance time series determines the

location of variance change which is shown by aiearred line (bottom panel, Figure 4.26).
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Figure 4.26 Comparison between variance break detected ustiag BWT filter inside the NCSS statistic
and the cumulative variance technique for SNR =nityfi

As per Table 4.10, in Figure 4.27 we present amotoenparison between Haar based DWT
NCSS and cumulative variance for detecting theavené break at 1000 but for a SNR = -2.066.
We can observe that the wavelet NCSS statisticckbfaot, middle panel, Figure 4.27) has
become jagged with the addition of noise in theuingignal. Hence the accuracy of variance
break detected (red vertical line, middle panejuFé 4.27) has also deteriorated. As a result, our
system now identifies a variance break at 1042atsbf 1000. A more pronounced deterioration
has been observed in the cumulative variance titafiis detecting a break in variance (bottom
panel, Figure 4.27). The cumulative variance gtatiow seems relatively flat and the inflexion
at the variance change-point does not seem togbnédisant. As a result, the cumulative variance

statistic identifies the variance break point a4.87

In the considered examples (Figures 4.26 and 4tR&DWT Haar filter inside the NCSS statistic

seems to be performing better than the cumulataréamce technique in identifying a variance
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break-point in our synthetic time series for insiag levels of noise. The cumulative variance
technique seems to be more sensitive to the additfonoise — the cumulative variance time
series appears flat as compared to the wavelet N&S series for the same level of noise
(Figure 4.27) thus making the detection of an kifla point (and hence a variance break-point)
in the cumulative variance statistic more difficuHowever, for a more comprehensive and
complete evaluation, we need to compare the pedioces of all wavelet filters used inside the
NCSS statistic and the cumulative variance techeigu identifying variance breaks in our

synthetic time series (middle panel, Figure 4.2%hvaddition of increasing levels of noise

(bottom panel, Figure 4.25).
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Figure 4.27Comparison between variance break detected usiiag BWT filter inside the NCSS statistic
and the cumulative variance technique for SNR =6&.0

In Figure 4.28, we present a graphical comparigahevvariance break detection performance of
various wavelet filters inside the NCSS statistid ¢he cumulative variance statistic from a SNR
= to a SNR = -12.1696. As per Table 4.10, each cumfgure 4.28 represents the deviation
(or absolute difference) from the correct valugafiance change (which is 1000) with increasing
noise levels or decreasing SNR ratio. This meaasttte more a particular curve deviates from
the zero y-value for increasing levels of noisedecreasing SNR), the worst is the performance

of the statistic associated with that curve.

We note in Figure 4.28 that the greatest devidtiom zero with increasing levels of noise can be
observed for the cumulative variance curve. As 8%R drops below -5.5, we notice a

deterioration of 57.5% in the performance of thenulative variance statistic in accurately
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detecting the variance break at 1000 — from detg@divariance break point at 874 it now detects
the break point at 303. The NCSS statistic whiclplegs different wavelet filters also shows
deterioration with increasing noise levels but ast much as that shown by the cumulative
variance statistic — for example the variance bietlection accuracy of the Haar filter inside the
NCSS statistic only drops from 89.5% for SNR = 83D to 78.6% for SNR = -12.1696.
Moreover, the accuracy of the various waveletrflte detecting a variance change seems to be
consistent in the sense that they all tend to dev¥iam zero togetheclustered with increasing
levels of noise. At the minimum SNR of -12.169b wavelet filters deviate by about 215 from
the correct value of 1000 whereas the cumulativiamee statistic shows a deviation of about 700

for the same noise level.
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Figure 4.28Comparison of the variance break detection perdmea of various wavelet filters inside the

NCSS statistic and the cumulative variance statism a SNR =0 to a SNR = -12.1696. As per Table
4.10 each curve represents the deviation (or atesdlfference) from the correct value of varianbarge
(which is 1000) with increasing noise levels orr@asing SNR ratio. Note that we have not showneslu

for SNR =0 on the plot for plotting ease and clarity.

We conclude that our system shows stability andiraoy in detecting variance breaks in time
serial data with addition of increasing levels ofse. The performance of all wavelet filters inside
the NCSS statistic is similar in accuracy for detervariance breaks with increasing levels of
noise. A comparison with the cumulative varianagistic indicates that our wavelet framework
is more robust and superior in detecting variamealts in a time series for increasing noise levels

(Table 4.10, Figure 4.26, Figure 4.27, and Figue8y

We note that we used non-zero mean random noisegses (Figure 4.23 and Figure 4.25) to test
the robustness of our pattern identification moduid its comparison with other techniques. The
choice of non-zero mean noise processes was pagityary. We believe that our results would

not have changed if we had used zero mean noisegges instead. This is because the only
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parameter on which system performance was mappsedhgeSNR. The SNR was computed in a
similar and consistent fashion for all simulatioegardless of the statistical properties of the
underlying noise process, thus giving an unbiasealuation of system robustness and its

comparison with other techniques.

Medical Diagnosis Module

In this section, we evaluate the statistical robess of our medical diagnosis module. In the case
study of Section 4.3.3 we introduced the datadeis we wish to study and presented results
produced by our medical diagnosis module for thiedasets. We compared our methodology and
results with those published by Thurner et aPhysical Review Lettef452]. For a dataset of 45
subjects (23 CHF, and 22 normal), gsasitivityof our system was 83% and tecificityof our
system was 100% employing the MODWT-based waveddance statistic (or SDF;;), which

our system uses as default for separating CHF andai subjects.

However, for a statistically more rigorous evalaatof our medical diagnosis module, here we
tackle the classification of 23 CHF and 22 norméjscts studied in Section 4.3.3 on two fronts:

(&) We employ deave-one-oumethodology to train our system to detectrg#fexion point
(or critical scalerl of Step 1I-2 of Algorithm 3 of Figure 4.13) in theavelet SDF curves
for computingAS from which we could determine a threshold A& (i.e.4S thresholy
to partition the CHF and normal groups. We thehdes system on thieft-out signal by
computing itsAS value (based on thaflexion pointdetermined during training) and
classifying it as CHF or normal (based on g thresholddetermined during training).

We repeat this procedure 45 timeslégving outeach of the 45 signals once.

(b) Using the methodology described in (a), we caraphe performance of the MODWT
versus the DWT in classifying CHF and normal sufsiebased on statistics like
sensitivity specificity andaccuracy(Eq (4.10), and Table 4.5).

To the best of our knowledge, no one has ever teidaT a study to classify CHF and normal
subjects based on methods described in (a) andvigreover, to the best of our knowledge,
nobody has ever analyzed so many ECG signalsdb)ein an effort to classify CHF and normal

subjects.

For an initial comparison between MODWT and DWT, us now produce the same output as
produced by our medical diagnosis module in Figdr®7 but for the DWT instead of the
MODWT. In Figure 4.29 we present the output fromn medical diagnosis module for classifying
23 CHF and 22 normal subjects (of Table 4.3) uduiegDWT. If we look at the DWT SDF curves
(left-hand plot, Figure 4.29) we do observe a smjpam between CHF and normal subjects at
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scales 4 and 5. However, we also observe that W& BSDF curves for both CHF and normal

subjects appear more curvy or rounded as comparek tMODWT SDF curves (green plots and
red plots, left-hand plot, Figure 4.17). A fradba@haviour (SDF curves resembling straight lines),
especially like the one observed for normal subjeting the MODWT (green plots, left-hand

plot, Figure 4.17), is missing.
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Figure 4.290utput of the medical diagnosis module: the lefitdh plot shows the variation of the DWT
SDF (C‘J-) against timescalel{) on a log-log graph while the right-hand plot sisaie values of the scaling
instability index @4S) for all the 45 patients examined.

Despite the lack of fractal behaviour in the DWTFSEBurves for normal subjects (green plots,
left-hand plot, Figure 4.29), and a rather roundpgearance of the DWT SDF curves for all 45
subjects (green plots and red plots, left-hand, pfagure 4.29), we determine the scaling
instability index QAS) for each of the 45 subjects in an effort tosifgeCHF and normal subjects.
As per Step 1I-2 of Algorithm 3, Figure 4.13, thght-hand plot of Figure 4.29 displays the
values ofAS computed based on anflexion pointor critical scaleof 3 for all the 45 DWT SDF
curves. We note that th&S values obtained using the DWT (right-hand plogufe 4.29) are
significantly different than those obtained using MODWT (right-hand plot, Figure 4.17).

In the right-hand plot of Figure 4.29, we observeeparation between CHF and normal subjects
based om\S values computed for the DWT SDF curves airdilexion pointcorresponding to
scale 3. There are only 3 instances out of 23 waeEéiF subject has been wrongly classified as
normal resulting in aensitivityof 87% and 0 instances out of 22 where a nornigestihas been
classified as CHF resulting in specificity of 100%. We recall that using the MODWT for
classifying the same dataset (Section 4.3.3) weob&ined a&ensitivityof 83% andspecificityof
100%. In Table 4.11, we present the actual numioerdS for all the 45 subjects studied using
the DWT SDF curves.
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Table 4.11Values of scaling instability indeXAg) for all the 45 subjects using the DWT.

DWT
S No. Normal CHF
Signal AS Signal AS

1 NSR001 6.4765 CHFO1 7.9435
2 NSR002 5.8647 CHF02 8.5707|
3 NSR003 6.5046 CHFO03 8.3937|
4 NSR004 5.3756 CHF04 7.6606
5 NSR005 5.5689 CHFO05 5.6952
6 NSR006 7.0867 CHF06 8.6103
7 NSR007 6.4262 CHFO7 9.5822
8 NSR008 5.5229 CHFO08 5.1009
9 NSR009 4.6720 CHF09 8.0119
10 NSR010 6.3740 CHF10 7.6077
11 NSR0O11 6.2714 CHF11 8.8762
12 NSR012 4.8156 CHF12 8.2904
13 NSR013 5.4189 CHF13 7.5555
14 NSR014 5.0229 CHF14 8.8021
15 NSR015 4.7401 CHF15 6.6621
16 NSR016 5.2120 CHF201 9.0687
17 NSR017 5.4721 CHF202 7.2311
18 NSR018 6.6167 CHF203 7.7268
19 NSR019 4.6029 CHF204 8.2769
20 NSR020 3.6255 CHF205 8.5791
21 NSR021 4.9019 CHF206 8.5509
22 NSR022 5.0142 CHF207 7.4522
23 CHF208 9.7062

Although thesensitivityin classifying CHF and normal subjects is highging the DWT instead
of the MODWT, the differences in th&S values of CHF and normal subjects seem staligtica
less significant for the DWT as compared to the M@D If we look at the right-hand plot of
Figure 4.29, we observe that the three CHF signhish have been wrongly classified as normal
using the DWT tend to go quite deep into tlh@mal regionin contrast to the classification
achieved by the MODWT (right-hand plot, Figure 4.17

In Figure 4.30, we present bar plots showing averagues of the DWT-based scaling instability
index (AS) for the 23 CHF and 22 normal subjects. We de&esa distinction between the red
and the green bar in Figure 4.30, however thisndigon is less pronounced than the distinction
that was observed for the MODWT (Figure 4.18). sTdistinction is further confirmed by a p
value of 1.20E-10 (for a double tailed, two-samgigial variance studenttstes) which is 923
times higher than the p value of 1.30E-13 obsefgedthe MODWT - this means thAS values
for the CHF and normal groups obtained using theDMO are statistically more different than
those obtained using the DWT. Moreover, the ereos lfor the standard deviation of each group

tend to be closer for the DWAS as compared to the MODWAS which confirms the above
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observation. From alata classification perspective, the more statistically significane th
difference in means aiS for CHF and normal subjects, the more easieragedrate would be

the determination of thAS threshold to partition the two groups and vicesae Thus, in this

case, determination &S threshold for MODWT would be easier as compapddWT.

p-value = 1.20E-10
B Normal

g8.00 B CHF

10.00
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0.00

Normal and CHF Group

Figure 4.30Bar plot showing average values of the DWT-basadirgy instability index4S) of the 23
CHF and 22 normal subjects along with thealueobtained from a studetitest The positive and negative
error bars show the standard deviation of eachpyrou

Let us now look at &eave-one-outethodology to compare the performance of the MADANd
the DWT in classifying CHF and normal subjects. riDg training, we want our system to
automatically determine thezale range®n the SDF curves between which #ealing instability
index (49 could be computed, following which 45 thresholdcould be computed so that the
incoming(or left-oud) signal could be classified as either CHF or radrbased on itgS during
testing To keep the computation &S simple and consistent, we aim to determine only o
critical scale (or inflexion poinj for all SDF curves around which we would compfi& Once
determined, thigritical scalewould correspond to scat& of Step II-2 of Algorithm 3 of Figure
4.13.

To determine a singleritical scale(rl) around which we could compufsS, during training we
first determine individualcritical scales but only on the CHF SDF curves. We determine
individual critical scalesonly on the CHF SDF curves because theoreticakky rtormal SDF
curves show fractal behaviour and are roughly lireaa log-log graph, hence they do not have
aninflexion pointor acritical scaleas such. The individuaritical scalesor inflexion pointsin

the CHF SDF curves are determined using methodddeggribed in Section 4.1.1, Figure 4.4a,
Figure 4.4b, and Algorithm 1 (Figure 4.11). We thake a mean of theritical scalesor inflexion
pointsdetermined for each of the CHF SDF curves anddaunff to zero places of decimal to
determine a singleritical scale(rl). We usel as thecritical scalefor computingAS for training

and testing our data.
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Figure 4.31Step function learner to classify CHF and nornodjects.

Once acritical scale(rl) has been determined, our attempt is to uste@function learneof the
type shown in Figure 4.31 to classify CHF and ndrsudojects. Thex-axisof the plot shown in
Figure 4.31 represents the scaling instability xn@S), whereas thg-axisrepresents the type of

signal where 1 implies CHF and 0 implies normal.

Leave-One-Out Algorithm for Classifying CHF and Normd Subjects

Input  : 45 R-R signals of CHF and normal patients
Output : Classification of CHF and normal subjedsnsitivity specificity andaccuracy

countersA=0;B=0;C=0;D=0; 3\
for signal i = 1 to 45
leave the'f signal out;

I ComputeSDF curvesfor all 44 signals except th# signal.

I-1. Computenflexion points only for CHF SDF curves of Step I.

I-2. Compute theverage inflexion pointor critical scale (r1) by taking mean of results of Step I-1 and
rounding it off.

II. Based on the result of Step ledympute AS for all 44 SDF curvesof Step .

1I-1. Based on results of Step ¢iompute AS thresholdby determining the midpoint between the larges
normalAS value and the smallest CAS value:

-~
Buiures |

Normal +A CHF

A
ASthreShold — ( argest mallest)_ /
2 3

M. Based on the result of Step leamputeAS for thei™ (left-out) signal.

V. Based on results of Steps II-1 and ¢lassify thei™ signal as either CHF (iAS > AS threshold) or
normal (if it has a\S < AS threshold).

V. if system classifiesas CHF andlis CHF,thenA = A +1; ;
else ibystem classifiesas CHF and is normalthenB = B +1; > a
else ibystem classifiesas normal andis CHF,thenC = C +1; a

else ibystem classifiesas normal andis normalthenD = D +1;
end;

end; )
VI. After 45 iterations (of Step | to Step V), fill Tieb4.5 with values for A, B, C, and D. Compute

sensitivity specificity andaccuracyas per Eq (4.10).

Figure 4.32Leave-one-out algorithm for classifying CHF andmal subjects.
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Ideally, thedS thresholdpartitioning the two datasets would be as shownhieyvertical dotted
line in Figure 4.31, wherdSthreshold = (E+F)/2 However, there may be outliers (blue and dark

red dots in Figure 4.31) for both CHF and normaljects in which casdsS threshold = (Y+X)/2

Essentially, we have programmed our system to ehierdS thresholdas the midpoint between
the largest normaldS valueand thesmallest CHFAS value— we believe that this is the most
unbiased way of determining ttS threshold The 4S thresholdine of Figure 4.31 would shift

towards left or right depending on how deep thdiemgtinvade a particular (CHF or normal)

region.

OncedsS thresholds determined we compute tiS value for the incoming (deft-oud signal
and classify it as either CHF (I8S*™°" > AS threshol) or normal (if it has aAS®"°" < AS
threshold. A complete algorithm describing theave-one-oumethodology that our system uses

for classifying CHF and normal subjects is presgtimeFigure 4.32.
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Figure 4.33 Visualization ofleave-one-outMODWT-based classification of CHF and normal satge
using a step function learner. The blue dots agesttbjects identified as CHF or normal by the sysiéa

blue dot lies on the zero line, it implies normdlile if it lies on the one line, it implies CHF. &hed dots

are where the system went wrong: they show theahdtatus of a subject when the system makes a
mistake. The vertical magenta line representsAi¢hresholdvalue for each casé high resolution image

of this figure can be downloaded from [157]
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Table 4.12Numerical values for the visualization of leaveeasut MODWT-based classification of CHF
and normal subjects shown in Figure 4.33.

MODWT
Training Testing
. Mean AS for System Actual
PIOU| StgRLeft | i | AS | Leftout | (CHF=1, | (CHF=L,
(r1) Signal Normal=0) | Normal=0)

1 CHF14 3.2273 0.8025 1.7845 1 1

2 CHF05 3.2273 0.8025 0.8752 1 1

3 CHF12 3.3182 0.8025 1.6257 1 1
4 CHF202 3.3182 0.8083 0.6281 0 1

5 CHF09 3.2273 0.8025 1.3967 1 1

6 CHF08 3.2727, 0.8025 0.6397 0 1

7 CHF205 3.3182 0.8025 1.220( 1 1

8 CHF206 3.2727 0.8025 1.8113 1 1

9 NSR012 3.2609 0.8025 0.006 0 0
10 CHF208 3.3182 0.8025 1.8652 1 1
11 NSR008 3.2609 0.8025 0.3369 0 0
12 NSR003 3.2609 0.8025 0.300 0 0
13 NSR014 3.2609 0.8025 0.4441 0 0
14 NSR020 3.2609 0.7572 0.9769 1 0
15 CHFO06 3.2727 0.8025 1.8709 1 1
16 CHF204 3.2273 0.8025 1.7008 1 1
17 NSRO019 3.2609 0.8025 0.5122 0 0
18 CHFO02 3.2727 0.8025 2.0014 1 1
19 NSRO15 3.2609 0.8025 0.2962 0 0
20 CHF11 3.2727 0.8025 1.7697 1 1
21 CHF10 3.2727 0.8025 1.5604 1 1
22 NSRO013 3.2609 0.8025 0.191 0 0
23 NSRO17 3.2609 0.8025 0.216 0 0
24 NSR007 3.2609 0.8025 0.685 0 0
25 NSR004 3.2609 0.8025 0.2398 0 0
26 CHF207 3.1814 0.8025 1.550! 1 1
27 NSR022 3.2609 0.8025 0.225] 0 0
28 NSR001 3.2609 0.8025 0.222 0 0
29 CHF201 3.3182 0.8025 1.552 1 1
30 NSR010 3.2609 0.8025 0.019 0 0
31 CHF203 3.2273 0.8025 1.429 1 1
32 NSR021 3.2609 0.8025 0.1208 0 0
33 CHF15 3.1364 0.8025 0.6584 0 1
34 NSR006 3.2609 0.8025 0.8862 1 0
35 CHFO7 3.2727 0.8025 1.8314 1 1
36 NSR009 3.2609 0.8025 0.504 0 0
37 NSR002 3.2609 0.8025 0.044 0 0
38 NSRO005 3.2609 0.8025 0.0749 0 0
39 NSR018 3.2609 0.8025 0.5874 0 0
40 CHF13 3.2273 0.8025 1.8764 1 1
41 CHFO03 3.2273 0.8025 1.8126 1 1
42 CHFO04 3.3182 0.8025 1.2577 1 1
43 NSRO11 3.2609 0.8025 0.184 0 0
44 NSRO016 3.2609 0.8025 0.470 0 0
45 CHFO1 3.2727 0.8025 1.2285 1 1

Based on théeave-one-out algorithnof Figure 4.32, in Figure 4.33 we present the MODW
based classification of CHF and normal subject$aifle 4.3 produced by our medical diagnosis
module. A high resolution image of Figure 4.32 bandownloaded from [157%ince one signal
out of a total of 45 igeft outeach time during training and then tested, Figu8d has a total of
45 graphs. The vertical magenta lines represendgh¢hresholdn each case. The grey dots
represent th&S values for théraining set. The blue dots represent thsted(or left ou) signal
which the system classifies as either CHF or norMéiere the system calls it correct, there is
only the blue dot in that particular plot (case)stp = 1 for CHF or at step = 0 for normal.
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However, when the system makes a mistake, we abs@ sed dot (along with a blue dot) where
the red dot tells us the actual status (CHF or adrf the signal being tested. For example, in
Plot #1, first row, Figure 4.33, the system classithe tested signal as CHF (blue dot) which is
correct and hence no red dot. Similarly, in Pldt #irst row, Figure 4.33, the system classifies th
tested signal as normal (blue dot) whereas in &ttuhis signal is CHF which is shown by the
red dot.

The numerical values corresponding to Figure 4r@3peesented in Table 4.12. Numerical values
for the individual inflexion points detected on tB&lF SDF curves during training (before the
computation of theneancritical scalerl, orinflexion poin} for each of the 45 iterations can be
downloaded from [108].

Table 4.13Contingency table for measurisgecificity sensitivity andaccuracyof leave-one-out
MODWT-based classification of CHF and normal sutsiec

Patients with Patients without
LAIOIDLT CHF CHF
Testis 20 2
positive
Tesps 3 20
negative

If we focus our attention on Figure 4.33 and TablE2 we can observe that the system makes a
mistake on 5 occasions in a total of 45 iteratioi$ie contingency table for tHeave-one-out
MODWT-based classification of CHF and normal sutges presented in Table 4.13. As per
Table 4.13, and Eq (4.10), theave-one-ouMODWT-based classification of CHF and normal

subjects producessensitivityof 87%, aspecificityof 91%, and amaccuracyof 89%.

For comparison purposes, we present the outputiupeol by our system for theave-one-out
DWT-based classification of CHF and normal subjexdt§able 4.3 in Figure 4.34, and Table
4.14. Numerical values for the individual inflexipoints detected on the DWT CHF SDF curves
during training (before the computation of tiiean critical scalel or inflexion point) for each

of the 45 iterations can be downloaded from [37].

The contingency table for thikeave-one-outbDWT-based classification of CHF and normal
subjects is presented in Table 4.15. As per Tallg,4and Eq (4.10), thieave-one-ouDWT-
based classification of CHF and normal subjectglyces asensitivityof 91%, aspecificity of

73%, and amccuracyof 82%.
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Figure 4.34Visualization ofleave-one-ouDWT-based classification of CHF and normal sulsjacting a
step function learner. The blue dots are the stdbjdentified as CHF or normal by the system: lifize dot

lies on the zero line, it implies normal whiletifies on the one line, it implies CHF. The reddate where

the system went wrong: they show the actual status subject when the system makes a mistake. The
vertical magenta line represents #i thresholdsalue for each casé high resolution image of this figure
can be downloaded from [156]

In Table 4.16, we summarize the performance oM®OWT and DWT for classifying CHF and
normal subjects of Table 4.3, based on gbasitivity specificity andaccuracy statistics. The
DWT shows a highesensitivityof 91% as compared to a lowsensitivityof 87% obtained using
the MODWT for classifying CHF and normal subjecthis implies that the DWT is more
efficient than the MODWT in detectingue positivesor in other words the DWT proves to be
better than the MODWT in correctly classifyingslibjects (CHF subjects).

On the other hand, the MODWT shows a significahtiyherspecificityof 91% as compared to a
low specificity of 73% obtained using the DWT for classifying CHRFd normal subjects. This
implies that the MODWT performs significantly bettdhan the DWT in terms of correctly
classifying normal subjects or in other words th&Dtends to generate moi@se positiveshan
the MODWT, i.e. the DWT has a greater tendency thenlMODWT to wrongly classify normal
subjects as CHF. On an overall basis, the MODWTvgsato be superior than the DWT in
classifying CHF and normal subjects with accuracyof 89% as compared to atcuracyof
82% achieved by the DWT.
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Table 4.14Numerical values for the visualization of leaveeasut DWT-based classification of CHF and
normal subjects shown in Figure 4.34.

DWT
Training Testing
. Mean AS for System Actual
PLOt Li;?geﬂt Infl. Thrﬁ;m 4| Leftout | (CHF=1, (CHF=1,
(r1) Signal Normal=0) Normal=0)

1 CHF14 2.9545 6.1602 7.4229 1 1

2 CHF05 2.9091 6.1602 5.7560 0 1

3 CHF12 2.9545 6.1602 7.5798 1 1

4 CHF202 3.0000 6.1602 6.6213 1 1

5 CHF09 2.9091 6.1602 7.3806 1 1

6 CHFO08 2.9545 6.4361 5.2042 0 1

7 CHF205 3.0000 6.1602 7.9489 1 1

8 CHF206 2.9545 6.1602 8.0664 1 1

9 NSR012 2.9565 6.1602 4.9541 0 0
10 CHF208 2.9545 6.1602 9.1713 1 1
11 NSR008 2.9565 6.1602 5.6154 0 0
12 NSR003 2.9565 6.1602 6.5237 1 0
13 NSR014 2.9565 6.1602 5.3514 0 0
14 NSR020 2.9565 6.1602 4.0468 0 0
15 CHFO06 2.9545 6.1602 8.1323 1 1
16 CHF204 2.9545 6.1602 7.8107 1 1
17 NSR019 2.9565 6.1602 5.038] 0 0
18 CHF02 2.9545 6.1602 8.2793 1 1
19 NSRO015 2.9565 6.1602 4.7534 0 0
20 CHF11 2.9545 6.1602 8.1474 1 1
21 CHF10 2.9545 6.1602 7.3112 1 1
22 NSR013 2.9565 6.1602 5.4063 0 0
23 NSR017 2.9565 6.1602 5.784(Q 0 0
24 NSR007 2.9565 6.1602 6.492 1 0
25 NSR004 2.9565 6.1602 5.7792 0 0
26 CHF207 2.9091 6.1602 7.4565 1 1
27 NSR022 2.9565 6.1602 5.3629 0 0
28 NSRO01 2.9565 6.1602 6.5759 1 0
29 CHF201 3.0000 6.1602 8.5601] 1 1
30 NSR010 2.9565 6.1602 6.0911 0 0
31 CHF203 2.9545 6.1602 7.7393 1 1
32 NSR021 2.9565 6.1602 5.3225 0 0
33 CHF15 3.0000 6.1602 6.3394 1 1
34 NSR006 2.9565 5.8901 7.1162 1 0
35 CHFO07 2.9545 6.1602 8.5078 1 1
36 NSR009 2.9565 6.1602 5.2552 0 0
37 NSR002 2.9565 6.1602 6.1157 0 0
38 NSR005 2.9565 6.1602 5.6588 0 0
39 NSR018 2.9565 6.1602 6.4604 1 0
40 CHF13 2.9091 6.1602 7.3881 1 1
41 CHFO03 2.9545 6.1602 7.4197 1 1
42 CHF04 3.0000 6.1602 7.3891 1 1
43 NSRO11 2.9565 6.1602 6.1872 1 0
44 NSR016 2.9565 6.1602 5.4127 0 0
45 CHFO01 2.9545 6.1602 7.8146 1 1

Table 4.15Contingency table for measurispecificity sensitivity andaccuracyof leave-one-out DWT-
based classification of CHF and normal subjects.

Patients with Patients without
Rl CHF CHF
Tes_t_ is 21 6
positive
Test is > 16
negative
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Table 4.16Comparison between MODWT and DWT basedensitivity specificity andaccuracyfor
classifying CHF and normal subjects usingléseve-one-outmethodology.

Measure | MODWT DWT
Sensitivity 87% 91%
Specificity 91% 73%
Accuracy 89% 82%

In this study we have demonstrated that our systmrobustly and accurately classify CHF and
normal subjects. With an overall higheercuracy the MODWT proves to be more efficient than
the DWT in classifying CHF and normal subjects. btorer, the MODWT SDF curves show a
more fractal behaviour (Figure 4.17) as comparedh® DWT SDF curves (Figure 4.29)

supporting the hypothesis that the heartbeat iateraf the complex human organism exhibit
scaling behaviour. We note here that our medicajbsis module uses the MODWT as default

for separating CHF and normal subjects.

45 Conclusion

In Chapter 2, we developed the concept of univessaling in complex systems and the
motivation for a formal method that can help usigtthis phenomenon systematically. In Chapter
3, we saw the systemacity with which wavelet anglgan decompose complex time series to

elucidate complex dynamics at various time horizons

In this chapter, we have presented a wavelet framefor the analysis of time series produced
by complex systems. We have shown the extensilofigur framework for analyzing time series

from different domains. We have presented architest and algorithms for three modules
namely, pattern identification, risk management] amedical diagnosis. The first two modules
operate in the financial domain whereas the thicdiute analyzes signals in the medical domain
(ECG signals). Three comprehensive case studies bagn performed to explain the kinds of

outputs each of the three modules generate.

In Section 4.4, we provided details of the evahratindertaken to assess the performance of our
system. The evaluation of our system was perforometivo fronts, nameljtiuman evaluatiomand
statistical evaluation The human evaluationassessed the performance of the pattern
identification module by comparing its outputs toends, cycles, turning points, and variance
changes with those identified by experts. The tesufl thehuman evaluationvere satisfactory,
though some discrepancies were found not only hetwbe system and the experts but also
amongst the experts themselves. From the humanatial of our system we learnt that such an

-133-



Chapter 4

evaluation is very subjective where every expeg hig or her own distinctive opinion on the
properties and behaviour of the time series betindjed.

The statistical evaluatiorof our system assessed the performance of therpathalysis module
and the medical diagnosis module. For the patt@entification module, excellent results were
obtained for identifying trends and variance bregkartificial time series of known properties
with successive addition of noise. A comparisorhvather techniques like the moving average
and cumulative variance showed the superiority erfggmance of our wavelet framework for
identifying patterns in time serial data in thegenece of noise.

In the statistical evaluationof the medical diagnosis module, we adoptedeae-one-out
methodology to examine a total of 45 ECG signal€bi- and normal subjects. A comparison
was made between the performance of the MODWT amnd [or the classification of CHF and
normal subjects. Excellent results were obtained Hoth the MODWT which showed an
accuracyof 89% and the DWT which showed aocuracyof 82% in classifying CHF and normal

subjects.

Based on the above, we can suggest that the mptkednted is suitable for analyzing complex
time series across various disciplines. The sysfgpsented is a first step towards the
development of a robust autonomous system forrdysis of high-frequency complex temporal
data produced by various social, biological, angspial systems. The key advantages that the
wavelet analysis presents vis-a-vis the developneénd robust interdisciplinary time series
analysis system are: (1) wavelet analysis is a a@mpetric method for time series analysis, and
hence no parameters need to be set beforehand (wmri knowledge is required about the
dynamics of the data being analyzed) for undertplan analysis; (2) wavelet analysis has
formalized old notions of decomposing complex tiseries into its various components by
making use of a simple pyramidal algorithm [97]) (@avelet analysis is not restricted by the
assumption of stationarity and is effective in gind locally volatile phenomena naturally; and
finally, (4) wavelets are effective for studyingy & unified framework, the phenomenon of

universal scaling or self organized criticality ttleaists across various complex systems.

For a system designer, universal tools and priasipke important in the development of robust
systems that render themselves useful acrossetitfeilomains. In this research, we have laid the
foundation for the development of a robust systean ¢an study the universal principle of scaling

in complex systems by making use of a universd| t@mely wavelet analysis.
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5 Conclusion

In this chapter we provide an overview of the miimlings of this research. We discuss and
compare the main findings with the aims declaretheIntroduction (Chapter 1). We also make

suggestions for future research.

Let us first briefly review the work undertakenpat of this research. In Chapter 1, we outlined
the major aim of this investigation, namely theelepment of a novel automatic interdisciplinary
time series analysis system. Initial thinking anfbimation about the subject was presented, and

expectations related to these questions were edtlin

In Chapter 2, we introduced the concept of complestems. We discussed that though complex
systems exhibit great variety and complexity, urgaé principles and tools are important in
understanding their behaviour. We went on to disciie universal property of ‘scaling’ in
complex systems, which served as the main motivdtio using multiscale wavelet analysis for
analyzing time series produced by these systems.s€hle invariant power law behaviour was
discussed and demonstrated for a range of physioaial and biological systems. We also
provided a literature review on various univariated multivariate time series analysis methods
and procedures. We concluded Chapter 2 with a pdnakeoutline of our interdisciplinary time

series analysis system.

In Chapter 3, we motivated a discussion for theckeaf a universal tool to study the universal
phenomenon of scaling in complex systems. We déstlisn detail various wavelet filtering
methods and techniques. Important statistics basedhe wavelet transform (e.g. wavelet
variance and covariance) were also discussed. Aapailication of the wavelet variance, we
discussed how wavelets can be used to study pewebéhaviour in complex systems. Based on
the wavelet covariance statistic we demonstratedwe can undertake a multiscale multivariate
analysis — we discussed the implementation of tbkisnale CAPM with specific examples. In
Chapter 3, we also discussed how the wavelet daatgs be used to locate nonstationarities in
time series data. Based on wavelet filtering meshenad statistics studied, we concluded Chapter
3 with the problem formulation for analyzing compléme series.

In Chapter 4, we provided the architecture andildedé our wavelet framework that is capable of

accomplishing automatic time series analysis innenoacs and medicine. We presented three
modules, namely, pattern identification, risk masragnt, and medical diagnosis. We also
presented three algorithms that summarized theeahce of each of these modules. This was
followed by three comprehensive case studies tavghe types of outputs our system generates.

In Chapter 4 we also provided details of thenanand statistical evaluation we undertook to
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assess the performance of our system. We concliidgdhe performance of our system was
excellent, and that it is possible to build an aotoous system based on universal principles

(scaling) and tools (wavelets).

5.1 Discussion and Directions for Future Work

Our research supports the hypothesis that univessaling does exist across various social,
physical, and biological systems. The universalisgaexhibits itself in two forms, namely, as
scale varianceand asscale invariance We observed that several time series exhibiedbfit
dynamics at different timescales, for example, fdmaous IBM return series showed different
temporal patterns and characteristics at diffesgates. Such behaviour can be termedcade
variant, that is, the behaviour and dynamics change witbdcale. The other case is that of time
series that showed similar dynamics at differaneticales. This was observed for R-R heart rate
time series where scale invariant power law behavigsas observed for the wavelet variance
across timescales, at least for normal subjecish Bahaviour can be termed as fractal behaviour,
since the system exhibits similar dynamics at adlles. We conclude that whether scaling is
variant, or invariant, it does exist across commggtems, and hence is a universal property of

these systems.

Given the existence of universal scaling in compggtems, the discovery of a universal tool
would certainly make the analysis of these systsimple and systematic. A range of experiments
with various wavelet filtering methods suggest tlvavelets are indeed very useful in elucidating
complex dynamics across social, physical and bictbgystems. We found that the formalism
provided by the wavelet transform in decomposinmglex time series on a timescale basis is

useful in the development of robust automatic pdaces for time series analysis.

For example, consider the decomposition of a uratatime series intd, wavelet levels. We can
decompose any complex time series iltavavelet levels based on the same filtering proaadur
that is Mallat’s pyramidal algorithm [97]. The ingphentation of Mallat’s algorithm is easy and
results in a systematic characterization of timiescat each level. For example, sclatlevel |
will correspond to changes in a signal on a sca®’o This universality will hold true each time

we decompose any given signal with wavelets.

Another important possibility provided by the waatelcovariance statistic is to undertake a
multiscale multivariate analysis of temporal daf&at is, we can study scaling behaviour of
bivariate and univariate temporal processes witheleds. The analysis of risk-return tradeoffs in
the DJIA within a CAPM framework, showed the exmte of scaling in multivariate processes as
well. A multivariate wavelet analysis showed tharisk or betaof a stock changes as a function
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of timescale and that this information could befuis® traders who operate or invest at different
timescales.

We thus propose that wavelet analysis is a uniVegeafor the analysis of the universal principle
of scaling in complex systems, and that it can roplemented automatically. Based on our
findings, we have developed a wavelet frameworlkaftalyzing time series produced by complex
systems. We refer to this framework as amerdisciplinary time series analysis and
summarization systen®ur framework has both univariate and multivariatme series analysis
capability. We have evaluated our system based »gere opinion, empirical results, and
statistical tests. The results of our evaluatienecellent, and suggest that the system developed
is not only useful but also robust for studying skete and behaviowf various complex systems

that surround us.

We believe that automatic time series analysissaimamarization using wavelets is a rich area for
further study, where several improvements, expassiteworkings and alternatives are possible.
We presented a wavelet framework that has threeutesdnamely pattern identification, risk
management, and medical diagnosis. Several imprentnare possible that would enhance the
functionality and capability of each of these madul This would in turn be helpful in the

development of a more robust and versatile timesanalysis and summarization framework.

Further experiments need to be carried out to ingiithe accuracy of pattern identification in
temporal data using wavelets. For example, ingtugy, to locate turning points, we just picked
up the extremas of each DWT MRA detdil Better results could have been obtained by fapki
for corresponding extremas across the detqilSor example, if an extrema occurs at time pgint
in d; and another extrema again appears at time ppintd,, then the chances of being a
turning point would be higher. Moreover, there ipassibility that the patterns identified using
the MODWT instead of the DWT would be more accurakais is because thuetail andsmooth
coefficients of a MODWT MRA are associated withaghase filters. This means that temporal
events and patterns in the original signal are mgéuly aligned with the features in the MRA.
Experimentation and subsequénimanandstatistical evaluation for pattern identification using
the MODWT MRA instead of the DWT MRA could be a fideexercise towards improving the
accuracy of pattern identification in temporal dasang wavelets.

For testing the practical usefulness of the riskhagement module, a statistical evaluation is
important. For example, we could have hypotheticadiers ‘invest’ in stocks as determined by
the multiscale risk-return tradeoffs for some timgndata. This could be followed by investigating
the value of the investment made by each trader different time horizons in the testing data.
Such a study would be able to throw light on thalityiof the portfolio investment suggested by

the risk management module.
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A study to examine broader applicability of the el@¢ transform to medical and critical care data
needs to be undertaken. In this research we shgad results for separating CHF patients from
normal patients by examining R-R heart rate tinmeesedata. However, further experimentation
and evaluation with bigger R-R time series databaseuld certainly be a useful exercise.
Further, it would be interesting to study whethéiheo medical signals like EEGs could be

analyzed in a similar fashion to separsg&ureandseizure-fregatients (for example).

Prediction of time series data using wavelets istter important area for future research. In
previous studies we have shown how wavelet pregssing can improve the prediction
capability of fuzzy systems [123], [122]. Howevether statistical time series analysis strategies
may also be combined with wavelet analysis to chelskther improvements in forecast can be
obtained. Since the wavelet transform has the cityabf decomposing a time series into the
trend, seasonal and irregular components, appteppigediction techniques can be applied to
each component to gain an overall efficiency ireéast. For example, fitting an AR model to the
“smooth” or “trend” component, a seasonal autorege moving average (SARIMA) model to
the seasonal component, and a bootstrapping modlektnoise component could result in better

forecasts.

5.2 Afterword

As stated in the introduction (Section 1.1, p.Bg major aim of the study reported in this thesis
was to develop an automatic procedure for analyziomplex time serial data with three
fundamental characteristics: 1) the procedure shbalbased on a superior analytical method that
can provide time series analysis without humanstasie; 2) it should borrow insights from
research in complex systems, time series analy&tistics and artificial intelligence, so that it
could make a contribution to these fields; andt3hould have the robustness and capability to
analyze signals across different domains. A majaracteristic of the procedure developed was
that it was not only tested on temporal dataseisnftwo domains, namely, economics and
medicine, but also on artificially generated datihwpre-defined properties. Because of this,

several conclusions may be drawn:

* Ad-hoc techniques for time series analysis and migosition like first differencing or
moving average might prove useful but mainly fotadexhibiting simple dynamics (e.qg.
stationarity, periodicity, linearity etc.) and lawise levels. This has been well proven by
the study we undertook in Section 4.4.2 for commathe performance of our system
with the moving average technique for trend debecin a synthetic time series with
successive addition of noise. For high signal tisaeatios the moving average technique

performed at par with wavelet filtering to detewnids in the artificially generated time
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series. However, with successive increase in rleiggs, the performance of the moving
average technique deteriorated more drasticalbpagpared to wavelet filtering.

» Statistical techniques like the GARCH model migktuseful for studying the variance
and standard deviation of a process. The GARCH mddegeloped in econometrics can
also be used in general for processes exhibititatility clustering. However, there is no
provision to study the dynamics of a process abuartime horizons in GARCH models.
Since temporal scaling is an important universalpprty of real-world systems, the
insights gained by applying a GARCH model to thegstems might be somewhat

limited.

* The Fourier analysis is a useful alternative toetidomain analysis (for example the
GARCH analysis) since it determines how much oheaequency the signal contains.
However, Fourier analysis alone cannot possibly deth non-periodic and unobvious
temporal patterns that could be contaminated wiisenor hidden in the data. The basic
premise of Fourier analysis is that the analyzephadiis periodic and stationary. For
complex, real-world time series, the periodicityd sstationarity conditions are not met.
The Fourier analysis decomposes a finite signal setveral sine waves (each oscillating
at one characteristic frequency) of infinite duat(from -« to +w0) to characterize the
frequency content of the input signal — no timeoinfation is available. On the other
hand, the wavelet analysis decomposes a finiteakimto several wavelet sub-series
(oscillating at different frequencies or timescale§ exactly the same duration as the
input signal to characterize not only the frequecagtent of the input signal but also the
local temporal features which are characterizedh®yextrema of the various wavelet
sub-series. Hence wavelets are a better suitedftoohnalyzing nonstationary, non-

periodic, nonlinear, and noisy signals.
The key achievements of the present study are:

» Several wavelet filtering techniques and statistiese used to analyze time series data
from different domains. It was demonstrated thavelets can provide a formal and
unigue decomposition of processes on a timescalis ba throw light on the complex
dynamics of these processes.

* A wavelet-based time series analysis framework ingdemented that has multiscale

univariate and multivariate analysis capabilities.

 The multiscale univariate capabilities of our framek include automatic pattern
identification and summarization in financial tireeries data, and the analysis of medical

and critical care data like ECG signals.
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* The multiscale multivariate capabilities of our nmfrework include automatic risk
management in financial markets to study risk-retteideoffs at different time horizons.

* A series of experiments with humans were conducisdg our pattern identification

module, and positive conclusions were drawn abimiperformance of our system.

» Statistical evaluation of our pattern identificatimodule was carried out by detecting
trends and variance breaks in artificially genetdime series with increasing levels of
noise. A comparison was made with existing techesdike the moving average and the
cumulative variance statistics. Our wavelet framdwghowed considerable robustness in
pattern identification with increasing levels ofis®and performed much better than the

moving average and cumulative variance statistics.

* We evaluated the performance of our medical diagmasdule based onleave one out
methodology and the computation of statistics sagdpecificity sensitivityandaccuracy
to undertake a comparison between the MODWT andivg. Although the MODWT
proved slightly superior to the DWT in overall pmrhance but excellent values were
obtained forspecificity sensitivity andaccuracyfor both techniques in classifying CHF

and normal subjects.

In summary, the study reported in this thesis hasaged to develop a computer-implemented
robust automatic procedure for analyzing time sepeoduced by complex systems, following
insights from complex systems, time series anglysigtistics and artificial intelligence, and

therefore the main aims of the thesis have beeie\sath
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Abbreviations

ACVS
A
ANOVA
AR
ARCH
ARIMA
ARMA
CAPM
CHF
Ccv
CWT
DFT
DJIA
DWT
ECG
EEG
FFT
FTSE
GARCH
GE
GM
IBM

KA
LNCS
MA
MLP
MMG
MODWT
MRA
NASDAQ
NCSS
NLG
NYSE
oLS
PPL
RBF
S&P
SARIMA
SDF
SML
STFT
VaR

IR

SNR
RMS
dB

autocovariance sequence
artificial intelligence
analysis of variance

autoregressive / autoregression
autoregressive conditional heteroskedasticity
autoregressive integrated moving average
autoregressive moving average

capital asset pricing model

congestive heart failure

cumulative variance

continuous wavelet transform

discrete Fourier transform

Dow Jones industrial average

discrete wavelet transform
electrocardiogram

electroencephalogram

fast Fourier transform

financial times stock exchange
generalized autoregressive conditional hetexdasticity
general electric

general motors

international business machines
knowledge acquisition

lecture notes in computer science

moving average

multilayer perceptron
mechanomyographic

maximal overlap discrete wavelet transform
multiresolution analysis

national association of securities dealet®@ated quotation
normalized cumulative sum of squares index
natural language generation

New York stock exchange

ordinary least square

pure power law

radial basis function

standard & poor

seasonal autoregressive moving average
spectral density function

security market line

short time Fourier transform

value at risk

information retrieval

signal to noise ratio

root mean square

decibels
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Appendix A

Appendix A — DJIA Risk-Return Tradeoffs

Table 1la: Risk-return tradeoffs in the DJIA for raw data.

Raw
Portfolio Company EVR [ — poétgt)go plggtfl?:,r?
PFIZER INC | 0.77 10.62
Pa MCDONALDS CP | 0.82 9.18 0.80 9.17
EXXON MOBIL CP | 0.82 7.72
COCA COLA CO THE | 0.83 7.38
P2 JOHNSON AND JOHNS DC | 0.85 6.89 0.85 7.42
VERIZON COMMUN | 0.88 7.99
ALTRIA GROUP INC | 0.88 8.87
Ps3 MERCK CO INC | 0.89 11.07 0.88 10.17
WALT DISNEY-DISNEY C | 0.89 10.58
PROCTER GAMBLE CO | 0.90 7.06
P4 SBC COMMUNICATIONS | 0.92 8.69 0.94 8.69
BOEING CO | 0.99 10.32
3M COMPANY | 0.99 8.98
Ps AMER INTL GROUP INC | 1.00 9.13 1.00 9.43
GEN MOTORS | 1.00 10.18
INTL BUSINESS MACH | 1.01 7.11
Ps DU PONT E I DE NEM | 1.01 7.62 1.02 9.36
ALCOA INC | 1.04 13.36
CATERPILLAR INC | 1.04 11.41
Py MICROSOFT CP | 1.05 8.00 1.05 9.22
WAL MART STORES | 1.05 8.25
UNITED TECH | 1.07 8.51
Pg GEN ELECTRIC CO | 1.11 8.07 1.10 8.23
CITIGROUP INC | 1.14 8.10
AMER EXPRESS INC | 1.15 6.66
Py HONEYWELL INTL INC | 1.16 10.39 1.17 9.62
HEWLETT PACKARD CO | 1.19 11.82
JP MORGAN CHASE CO | 1.19 8.22
P1o INTEL CP | 1.20 14.67 1.20 10.72
HOME DEPOT INC | 1.20 9.27
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Table 1b: Risk-return tradeoffs in the DJIA for scale 1 (2 days).

Scale 1
Portfolio Company R poérgt)go Psgﬁr"r?
PFIZER INC | 0.69 10.62
P1 JOHNSON AND JOHNS DC | 0.78 6.89 0.76 8.41
EXXON MOBIL CP | 0.80 7.72
WALT DISNEY-DISNEY C | 0.81 10.58
P> MCDONALDS CP | 0.82 9.18 0.82 9.05
COCA COLA COTHE | 0.84 7.38
ALTRIA GROUP INC | 0.86 8.87
P3 MERCK CO INC | 0.87 11.07 0.87 9.31
VERIZON COMMUN | 0.88 7.99
SBC COMMUNICATIONS | 0.88 8.69
Pa PROCTER GAMBLE CO | 0.90 7.06 0.92 8.69
BOEING CO | 0.97 10.32
AMER INTL GROUP INC | 1.00 9.13
Ps WAL MART STORES | 1.00 8.25 1.00 8.79
3M COMPANY | 1.01 8.98
DU PONT E 1 DE NEM | 1.01 7.62
Pe ALCOA INC | 1.03 13.36 1.03 10.79
CATERPILLAR INC | 1.04 11.41
GEN MOTORS | 1.05 10.18
Pz UNITED TECH | 1.05 8.51 1.05 8.60
INTL BUSINESS MACH | 1.06 7.11
AMER EXPRESS INC | 1.10 6.66
Pg GEN ELECTRIC CO | 1.10 8.07 1.11 7.58
MICROSOFT CP | 1.12 8.00
HONEYWELL INTL INC | 1.14 10.39
Py CITIGROUP INC | 1.15 8.10 1.16 9.25
HOME DEPOT INC | 1.18 9.27
HEWLETT PACKARD CO | 1.22 11.82
P1o JP MORGAN CHASE CO | 1.23 8.22 1.25 11.57
INTEL CP | 1.31 14.67
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Table 1c: Risk-return tradeoffs in the DJIA for scale 2 (8 days).

Scale 2
Portfolio Company s |z poété?go Psgtfgr“r?

PFIZER INC | 0.78 10.62

P EXXON MOBIL CP | 0.83 7.72 0.82 9.80
MERCK CO INC | 0.84 11.07
MCDONALDS CP | 0.85 9.18

P2 ALTRIA GROUP INC | 0.86 8.87 0.86 8.48
COCA COLA CO THE | 0.89 7.38
VERIZON COMMUN | 0.89 7.99

Ps3 JOHNSON AND JOHNS DC | 0.89 6.89 0.90 7.31
PROCTER GAMBLE CO | 0.91 7.06
GEN MOTORS | 0.92 10.18

Py AMER INTL GROUP INC | 0.92 9.13 0.93 9.43
3M COMPANY | 0.97 8.98
BOEING CO | 0.98 10.32

Ps SBC COMMUNICATIONS | 1.00 8.69 1.00 8.87
DU PONT E I DE NEM | 1.01 7.62
WALT DISNEY-DISNEY C | 1.02 10.58

Pe UNITED TECH | 1.02 8.51 1.02 8.73
INTL BUSINESS MACH | 1.03 7.11
MICROSOFT CP | 1.07 8.00

P CATERPILLAR INC | 1.07 11.41 1.08 9.16
GEN ELECTRIC CO | 1.09 8.07
ALCOA INC | 1.09 13.36

Pg HEWLETT PACKARD CO | 1.12 11.82 1.12 11.14
WAL MART STORES | 1.15 8.25
HONEYWELL INTL INC | 1.15 10.39

Py CITIGROUP INC | 1.15 8.10 1.16 9.25
HOME DEPOT INC | 1.18 9.27
JP MORGAN CHASE CO | 1.18 8.22

P1o INTEL CP | 1.19 14.67 1.19 9.85
AMER EXPRESS INC | 1.21 6.66
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Table 1d: Risk-return tradeoffs in the DJIA for scale 3 (86-days).

Scale 3
Portfolio Company s |z poété?go Psgtfgr“r?
MCDONALDS CP | 0.76 9.18
P COCA COLA COTHE | 0.78 7.38 0.79 8.48
ALTRIA GROUP INC | 0.82 8.87
PFIZER INC | 0.85 10.62
P2 EXXON MOBIL CP | 0.85 7.72 0.85 8.78
MICROSOFT CP | 0.86 8.00
VERIZON COMMUN | 0.87 7.99
P3 PROCTER GAMBLE CO | 0.90 7.06 0.89 7.39
INTL BUSINESS MACH | 0.90 7.11
BOEING CO | 0.94 10.32
Pa MERCK CO INC | 0.96 11.07 0.96 10.93
CATERPILLAR INC | 0.97 11.41
ALCOA INC | 0.97 13.36
Ps 3M COMPANY | 0.98 8.98 0.98 9.98
DU PONT E I DE NEM | 0.99 7.62
JOHNSON AND JOHNS DC | 0.99 6.89
Pe JP MORGAN CHASE CO | 1.04 8.22 1.02 7.93
SBC COMMUNICATIONS | 1.04 8.69
GEN MOTORS | 1.05 10.18
P2 WALT DISNEY-DISNEY C | 1.05 10.58 1.06 9.96
AMER INTL GROUP INC | 1.08 9.13
HONEYWELL INTL INC | 1.10 10.39
Pg INTEL CP | 1.10 14.67 1.10 11.10
WAL MART STORES | 1.11 8.25
CITIGROUP INC | 1.13 8.10
Py UNITED TECH | 1.13 8.51 1.15 8.23
GEN ELECTRIC CO | 1.21 8.07
HEWLETT PACKARD CO | 1.23 11.82
P1o AMER EXPRESS INC | 1.26 6.66 1.25 9.25
HOME DEPOT INC | 1.26 9.27
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Table 1e:Risk-return tradeoffs in the DJIA for scale 4 (182 days).

Scale 4
Portfolio Company s |z poété?go Psgtfgr“r?
MCDONALDS CP | 0.76 9.18
P COCA COLA COTHE | 0.78 7.38 0.79 8.48
ALTRIA GROUP INC | 0.82 8.87
PFIZER INC | 0.85 10.62
P2 EXXON MOBIL CP | 0.85 7.72 0.85 8.78
MICROSOFT CP | 0.86 8.00
VERIZON COMMUN | 0.87 7.99
P3 PROCTER GAMBLE CO | 0.90 7.06 0.89 7.39
INTL BUSINESS MACH | 0.90 7.11
BOEING CO | 0.94 10.32
Pa MERCK CO INC | 0.96 11.07 0.96 10.93
CATERPILLAR INC | 0.97 11.41
ALCOA INC | 0.97 13.36
Ps 3M COMPANY | 0.98 8.98 0.98 9.98
DU PONT E I DE NEM | 0.99 7.62
JOHNSON AND JOHNS DC | 0.99 6.89
Pe JP MORGAN CHASE CO | 1.04 8.22 1.02 7.93
SBC COMMUNICATIONS | 1.04 8.69
GEN MOTORS | 1.05 10.18
P2 WALT DISNEY-DISNEY C | 1.05 10.58 1.06 9.96
AMER INTL GROUP INC | 1.08 9.13
HONEYWELL INTL INC | 1.10 10.39
Pg INTEL CP | 1.10 14.67 1.10 11.10
WAL MART STORES | 1.11 8.25
CITIGROUP INC | 1.13 8.10
Py UNITED TECH | 1.13 8.51 1.15 8.23
GEN ELECTRIC CO | 1.21 8.07
HEWLETT PACKARD CO | 1.23 11.82
P1o AMER EXPRESS INC | 1.26 6.66 1.25 9.25
HOME DEPOT INC | 1.26 9.27
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Table 1f: Risk-return tradeoffs in the DJIA for scale 5 (384 days).
Scale 5
Portfolio Company s |z poété?go Psgtfgr“r?
SBC COMMUNICATIONS | 0.50 8.69
Py WAL MART STORES | 0.67 8.25 0.62 8.31
VERIZON COMMUN | 0.69 7.99
INTL BUSINESS MACH | 0.79 7.11
P, PROCTER GAMBLE CO | 0.81 7.06 0.81 7.19
COCA COLA CO THE | 0.82 7.38
MCDONALDS CP | 0.86 9.18
Ps HOME DEPOT INC | 0.87 9.27 0.88 8.82
MICROSOFT CP | 0.92 8.00
WALT DISNEY-DISNEY C | 0.94 | 10.58
Py MERCK CO INC | 0.97 | 11.07 0.97 10.26
AMER INTL GROUP INC | 1.01 9.13
EXXON MOBIL CP | 1.03 7.72
Ps JOHNSON AND JOHNS DC | 1.05 6.89 1.05 8.41
PFIZER INC | 1.07 | 10.62
CITIGROUP INC | 1.08 8.10
Ps GEN MOTORS | 1.13 | 10.18 1.12 9.90
CATERPILLAR INC | 1.17 | 1141
DU PONT E I DE NEM | 1.20 7.62
Py UNITED TECH | 1.20 8.51 1.20 8.06
GEN ELECTRIC CO | 1.21 8.07
3M COMPANY | 1.21 8.98
Pg INTELCP | 1.28 | 14.67 1.26 11.32
BOEING CO | 1.30 | 10.32
ALCOAINC | 1.35 | 13.36
Py JP MORGAN CHASE CO | 1.35 8.22 1.36 9.41
AMER EXPRESS INC | 1.38 6.66
ALTRIA GROUP INC | 1.42 8.87
P1o HEWLETT PACKARD CO | 1.51 | 11.82 1.54 10.36
HONEYWELL INTL INC | 1.68 | 10.39
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Table 1g: Risk-return tradeoffs in the DJIA for scale 6 (6428 days).

Scale 6
Portfolio Company s |z poété?go Psgtfgr“r?
SBC COMMUNICATIONS | 0.07 8.69
P VERIZON COMMUN | 0.09 7.99 0.11 8.13
EXXON MOBIL CP | 0.16 7.72
MICROSOFT CP | 0.23 8.00
P> AMER INTL GROUP INC | 0.25 9.13 0.25 8.17
COCA COLA COTHE | 0.28 7.38
PROCTER GAMBLE CO | 0.31 7.06
Ps3 JOHNSON AND JOHNS DC | 0.31 6.89 0.32 7.71
MCDONALDS CP | 0.33 9.18
WAL MART STORES | 0.35 8.25
Pa 3M COMPANY | 0.35 8.98 0.36 9.27
WALT DISNEY-DISNEY C | 0.37 10.58
UNITED TECH | 0.38 8.51
Ps DU PONT E I DE NEM | 0.38 7.62 0.38 8.91
PFIZER INC | 0.39 10.62
BOEING CO | 0.40 10.32
Pe ALTRIA GROUP INC | 0.40 8.87 0.40 10.20
CATERPILLAR INC | 0.41 11.41
MERCK CO INC | 0.42 11.07
P CITIGROUP INC | 0.43 8.10 0.43 10.84
ALCOA INC | 0.45 13.36
INTL BUSINESS MACH | 0.47 7.11
Pg GEN ELECTRIC CO | 0.47 8.07 0.49 8.52
HONEYWELL INTL INC | 0.53 10.39
AMER EXPRESS INC | 0.55 6.66
Py INTEL CP | 0.58 14.67 0.57 10.20
HOME DEPOT INC | 0.58 9.27
HEWLETT PACKARD CO | 0.61 11.82
P1o GEN MOTORS | 0.62 10.18 0.63 10.07
JP MORGAN CHASE CO | 0.67 8.22
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Appendix B — System Evaluation

Here we show some excerpts of the evaluation uakimtto assess our system. A complete
version of the evaluation document can be downlddiden:

www.Saifahmad.com/evaluation.pdf
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Figure 2a System output and expert opinion for turning pointthe S&P index.
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Figure 2b System output and expert opinion for variance gkean the EUR-USD exchange rate series.
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Table 2aSummary of answers for Q1 to Q3.

Expert Name and Details Turning Points
* Q1 Q2 Q3
L |Dr.JoEvans Lecturer, 60, 148, 191, 204, ggésghésgbészﬁzs, 37, 46, 56, 65, 179,
Economics, University of Surrey (222, 229, 244 456’ ! ! ! 207
Dr. Shah Jalaal Sarker,
2 |Department of Public Health 60, 95, 145, 190, 218, |54 305 345, 405, 455 61, 160
! S 220, 230, 245
Sciences, King's College London
Prof. Philip Hans B. F. Franses
Econometric Institute, &
3 Department of Marketing & 144, 213 None None
Organization, Erasmus University
Rotterdam
Prof. Martin Crowder ,
4 |Department of Maths / Stats, 148, 213, 243 47,115, 223, 284, |57 65, 98, 165, 179
; 407, 456
Imperial College
47,54, 97, 115, 151,
5 Prof. John Nankervis, Department |60, 63, 98, 148, 190, |187, 206, 225, 284, ‘112555785231 ;g?
of Economics, University of Essex |191, 217, 244 308, 317, 349, 368, ! ! ! !
220, 232
405, 456
47, 60, 96, 126, 150, |9, 36, 46, 61, 65, 78,
6 Mr. Florian Weiners, Trader, JRC, |64, 98, 148, 191, 204, |187, 206 225, 284, 91, 107, 119, 138,
Berlin 217, 225, 234, 244 321, 375, 407, 456, |148, 165, 179, 199,
509 207, 229, 238
Dr. A. Heen, Researcher, London
7 Hedge Fund 149, 220, 235 50, 260 180
Dr. Steve Pollock Reader, ‘11;76;2262%;52%21
8 Economics, Queen Mary University142, 213, 245 307, 345, 407, 443, 165, 179
of London
456
132, 164, 191, 192 36, 44, 46, 68, 96
’ ' ' ' |8, 15, 36, 44, 46, 55, e At g
9 System Output 196, 207, 207, 212, 68, 96, 132, 260, 372, 100, 132, 174, 175,

220, 222, 232, 244,
252, 260

389, 404, 484

176, 178, 180, 196,
197
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Table 2b Summary of answers for Q4 to Q7.

Trend Structural Change
Exgert Name and Details 9
Q4 Q5 Q6 Q7
) 1to 272
1 Dr._Jo Evans Lecturer, Economics, uptrend; 272|501, 862 710 556
Unis
to 519 uptrend
Dr. Shah Jalaal Sarker, Department |1 to 255
2 of Public Health Sciences, King's uptrend; 255 |501, 868 569, 801 570
College London to 519 uptrend
Prof. Philip Hans B. F. Franses 1 to 242
Econometric Institute, & Department| X
3 . - uptrend; 242 |[No change | 412 No change
of Marketing & Organization, to 519 uptrend
Erasmus University Rotterdam P
) 1to 272
4 Prof. Martin Crowder , _Department uptrend 272 to |[No change 409, 941 557
of Maths / Stats, Imperial College
519 constant
. 1to 272
5 |Prof. John Nankervis Department |, o4 575 (467,836 | 459,817 | 557
of Economics, University of Essex
to 519 uptrend
6 Mr. Florlan Weiners, Trader, JRC, None 501, 836 401, 560 578
Berlin
1to251
Dr. A. Heen, Researcher, London uptrend; 251
! Hedge Fund to 519 850 500 550
constant
1to50
Dr. Steve Pollock Reader, downtrend; 50 498, 689
8 Economics, Queen Mary University |to 272 404 438, 849 100;1 !
of London uptrend; 272
to 519 uptrend
9 System Output 110519 761 531 691
uptrend
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Table 2cRating of system output for Q8 to Q12.

Expert
#

Name & Details

Trend

Var.
Chng.

Turning

Points

All
Three

Q8

Q9

Q10

Q11

Q12

Avg.
Score

Dr. Jo Evans
Lecturer, Economics
UniS

4.0

3.0

-2.0

-2.0

3.0

1.2

Dr. Shah Jalaal Sarker

Department of Public Health Sciences
King's College London

4.0

4.0

1.0

3.0

3.0

3.0

Prof. Philip Hans B.F. Franses
Econometric Institute, & Department of
Marketing & Organization

Erasmus University Rotterdam

-2.0

-1.0

1.0

Prof. Martin Crowder
Department of Maths / Stats
Imperial College

Prof. John Nankervis
Department of Economics
Univ. of Essex

1.0

2.0

Mr. Florian Wieners
Trader
JRC Berlin

3.0

4.0

3.0

0.2

Dr. A Heen
Researcher
London Hedge Fund

2.0

-2.0

0.0

2.0

1.0

0.6

Dr. Steve Pollock
Reader, Economics
Queen Mary University of London

0.0

5.0

&
o

-1.2

5——

Minimum Score

=0

Not Sure
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Table 2d Reply from Professor Granger.

From: Michael Bacci [mailto:mbacci@ucsd.edu]
Sent: Wed 02/03/2005 22:08

To: Ahmad S Mr (PG/R - Computing)

Subject: REPLY FROM PROF. GRANGER

The following is from Prof. Sir Clive W.J. Granger:
Dear Saif,
| am just preparing to go on a long trip and dohrente time to answer your questions.

| do not see the point in discussing turning pofotsa series that would well be a random walk,
particularly for data measured every minute.

Yours sincerely,

Sir Clive W.J. Granger
Professor Emeritus
Nobel Laureate

Professor Clive Granger was awarded the 2003 Ndbrite in Economics “for methods of
analyzing economic time series with common trendsirftegration)”.

References

Granger, C. W. J, and Engle, R., “Cointegration and Error Corratti@epresentation, Estimation
and Testing,'Econometricéb5: 251-76, 1987.

Table 2eReply from Professor Beck.

From: Travis Beck [mailto:tbeck@unlserve.unl.edu]
Sent: Mon 10/10/2005 16:43

To: Ahmad S Mr (PG/R - Computing)

Subject: Re: URGENT: Beck's Reply

Hi Saif. | have been thinking about the analybes you performed on our MMG data, and we
appreciate all of the work that you have done. ggaly speaking, MMG signals are considered t
be random, stationary signals. However, your aealysdicated that for the signals | sent you, there
were several different changes in variance (idicating that variance was not constant, and,
therefore, the signals were nonstationary). Thosr analysis may be potentially useful for
identifying nonstationary versus stationary signd#®wever, because MMG signals are random,
don't think that there would be much use in tryingtedict how the signal will "behave" (i.e. a
forecast). Nevertheless, we appreciate the woukhave done, and hope that this information is
useful to you.

O

Travis

Professor Travis Beck is a faculty in the DepartmerftHealth & Human Performance, Center
for Youth Fitness and Sports Research, UniversifyNebraska, Lincoln, USA.

References

Beck T. W,, Housh T. J., Johnson G. O., Cramer J. T., Wé#,JCoburn J. W., Malek M. H.,
“Comparison of the fast Fourier transform and corttirmuwavelet transform for examining
mechanomyographic (MMG) frequency versus eccentrgquirelationships,Journal of
Neuroscience Method2005.
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Table 2f Reply from Steve Pincus

From: Steve Pincus [mailto:stevepincus@alum.mit.edu]
Sent: Thu 03/02/2005 22:06

To: Ahmad S Mr (PG/R - Computing)

Subject: Re: Turning Points

Dear Mr. Ahmad,

Thanks for keeping me in the loop. | took a quickngk at your data sets (time-series), and agre
that these are worth evaluating. However, my viethas in many instances, there may be both
subtle changes in dynamics, in addition to one wersa key visually obvious features. Anyhow, |
do intend to take a look at these test seriestdbloe candid, a serious look (here) is a lot moae th|
5-10 min evaluation, and my demands are very exteqsiesently. So it may be a while before yq
hear back from me.

The guestionnaire design looks to be quite reagenabd your queries are clear.

My one primary concern is an insidious study big®if are consistently asking readers for 5-10
total time for this study. You will de facto be exding more in-depth statistically knowledgeable
readers, a subgroup whose input you definitelytw@encourage, be they classical ARMA
modelers or otherwise. | strongly suggest that yod & few cooperative econometrics types, a li
minded yet distinct group of applications-orientéatisticians, give them the time-series and task
and ask for general comments (do not “lead the sstr&o much); and most especially, do not
impose or suggest any time limit.

Otherwise, good luck, and do keep me apprisedrdféu progress.
Best regards,
Steve Pincus

Steve Pincus, is a free-lance mathematician baseinlford, Connecticut, USA. He has createq
a method for measuring a signal’s “entropy,” or disder. He has co-authored a paper in the
Proceedings of the National Academy of Sciences &8 with Rudolf E. Kalman who is famous
for developing, the so-called “Kalman filter”.

References

Pincus, S, and Kalman, R. E., “Irregularity, volatility, risknd financial market time series,”
Proceedings of the National Academy of Scied©&s(38): 13709-13714, 2004.
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Table 2gReply from Professor Burroughs.

From: Stephen Burroughs [mailto:sburroughs@ut.edu]
Sent: Thu 03/11/2005 14:39

To: Ahmad S Mr (PG/R - Computing)

Cc: Sarah Tebbens

Subject: Re: NC Shoreline Changes Data

Dear Saif,

| have forwarded your request to Dr. Sarah Teblt@eslead author of the paper you reference in
your email. She is now at Wright State Universitjopefully, she will be able to direct you to daf
sets you can use for your analysis. We find wa\alalysis to be very useful for understanding
complex data sets and we encourage you in yourtefimdemonstrate its wide applicability.

Best regards,
Steve

Stephen Burroughs is Associate Professor of Physitthe University of Tampa, USA. He is c-
author of a paper in the Proceedings of the Natidecademy of Sciences (PNAS).

References

Tebbens, S. FBurroughs, S M., Nelson, E. E., “Wavelet analysis of shorelaange on the Oute
Banks of North Carolina: An example of complexitytlie marine sciencesProceedings of the
National Academy of Science8 (1): 2554-2560, 2002.
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Appendix C

Appendix C — Research Activities

PUBLICATIONS

A. Popoola, S. Ahmad, and K. Ahmad, "Multiscale Wavelet Preprocessing for Fuzzy Syste ~ ms",
Proceedings of ICSC Congress on Computational Intelligence Methods and Applications (CIMA 05),
Istanbul, Turkey, December 2005 (to appear).

A. Popoola, S. Ahmad, and K. Ahmad, "A Fuzzy-Wavelet Method for Analyzing Non-Stationar y
Time Series" , Proceedings of the 5th International Conference on Recent Advances in Soft Computing
(RASC), December 16-18, 2004, Nottingham, UK.

S. Ahmad, T. Taskaya, and K. Ahmad, "Summarizing Time Series: Learning Patterns in ‘Vol atile’
Series", In Yang Z.R., Everson R., Yin H. (Eds.), Proceedings of the 5th International Conference on
Intelligent Data Engineering and Automated Learning (IDEAL), August 25-27, 2004, Exeter, UK, volume
3177 of Lecture Notes in Computer Science (LNCS), Heidelberg: © Springer-Verlag, Germany.

S. Ahmad, P. Oliviera, and K. Ahmad, "Summarization of Multimodal Information" , Proceedings of
the 4th International Conference on Language Resources and Evaluation (LREC), May 26-28, 2004,
Lisbon, Portugal.

K. Ahmad, T. Taskaya, D. Cheng, L. Gillam, S. Ahmad , H. Traboulsi, and J. Nankervis, "FinGrid:
Financial Information Grid — an ESRC e-Social Scien  ce Pilot Project for the Financial Markets"
Proceedings of UK e-Science All Hands Meeting, August 31-September 3, 2004, Nottingham, UK.

’

K. Ahmad. T. Taskaya, D. Cheng, P. Manomaisupat, S. Ahmad, L. Gillam, H. Trablousi and M. Casey,
“Fundamental Data to SATISFI the Chartist” , The Technical Analyst Magazine, April 2004, UK.

K. Ahmad, D. Cheng, T. Taskaya, S. Ahmad, L. Gillam, P. Manomaisupat, H. Traboulsi and A.
Hippisley, "The mood of the (financial) markets: In a corpus o fwords and of pictures" ,
Proceedings of the Corpus Linguistics Conference, March 28-31, 2003, Lancaster University, UK.

L. Gillam, K. Ahmad, S. Ahmad , M. Casey, D. Cheng, T. Taskaya, P. Oliveira and P. Manomaisupat,
"Economic News and Stock Market Correlation: A Stud y of the UK Market" , Proceedings of the

Workshop on Making Money in the Financial Services Industry, at the 6th International Conference on
Terminology and Knowledge Engineering (TKE), August 28-30, 2002, Nancy, France.

OTHER REPORTS AND PRESENTATIONS

S. Ahmad, and K. Ahmad, "An Automatic Analysis of Volatile Financial Time Series" , Poster
Presentation at the House of Commons, London, under the auspices of Presentations by Britain’s
Younger Scientists, Engineers and Technologists at the House of Commons, March 15, 2004.

K. Ahmad, and S. Ahmad, "Brand Protection: Comparing the Provenance of two Time Series" , A
study performed for Reuters PLC (UniS Technical Report), London, November 21, 2003.

RESEARCH PROJECTS

GIDA - Generic Information-based Decision Assistant  : GIDA was a EU-sponsored R&D project
between the University of Surrey (UK), JRC (Germany), Finsoft (UK) and Ibermatica (Spain). The main
aim of the project was to develop a generic execution platform by integrating predictive models for
financial analysis with advanced text processing techniques for information retrieval, information
extraction and language processing. Performed an evaluation to compare the automatic detection of
financial turning points using wavelets with those identified by expert traders. The turning point
detection accuracy achieved by our system was about sixty percent as compared to humans. This laid
the foundation for using the discrete wavelet transform (DWT) to detect turning points in financial time
series data.

FINGRID - Financial Information Grid:  FINGRID was a 12-month project that began on 1 October
2003 and was sponsored by the ESRC under their Pilot Projects in e-Social Science call (e-Science). It
aims to develop a Grid-based demonstrator for sharing and analysing real-time financial data streams,
time series of financial returns and financial news. Proposed a technique for detecting and locating
cycles on a volatile and nonstationary time series using a combination of the DWT and the fast Fourier
transform (FFT). The results of this technique were encouraging.
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PROFESSIONAL ACTIVITIES

Presentations at Professional Meetings

2004 International Conference on Intelligent Data Engineering and Automated Learning (IDEAL 04),
Exeter, UK (presenter).

2004 PhD Conference, Department of Computing, University of Surrey, UK (presenter).

2003 PhD Conference, Department of Computing, University of Surrey, UK (presenter).

2002 International Conference on Terminology and Knowledge Engineering (TKE 02), Nancy, France
(presenter).

Other Presentations

House of Commons (British Parliament), London, UK (2004).

Reuters PLC, London, UK (2003).

HONOURS, SCHOLARSHIPS AND AWARDS

UniS Department of Computing Merit Scholarship, January 2002 — December 2005.
Winner (2”d prize), PhD Conference, Department of Computing, UniS, 2004.
Winner (2”d prize), PhD Conference, Department of Computing, UniS, 2003.

-169-





