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ABSTRACT

This research emphasizes discovery of important changes in structure of time series data.
These structural changes imply the loss of customary patterns and the appearance of a novel
pattern that has not been experienced previously. Most previous work in this area has been
concentrated on identifying previously known or predefined patterns. The major distinction of
my research is that the framework offers the ability to discover internal structural changes of
time series online dynamically without statistical assumptions about data. The internal structure
within time series can be used to improve solutions and provide important insights into the
problem domains. Analysis of structured time series data is widely used for many applications,
such as economic forecasting, stock market analysis, and networks, etc. This dissertation
introduces our research on high-precision modeling, prediction, similarity matching of time

series data with consideration of internal structures of data.

Our objectives include: (i) formulating a framework for online dynamic gray modeling of
time series data streams, (ii) analyzing and characterize the structure of time series stream data

using reference and test models, (iii) developing real-time prediction methods based on the



online modeling results of corresponding internal structure, and (iv) developing a real-time
online similarity matching method that considers the identified internal structures of the time

series.

We have developed an integrated online structural changes mining (SCM) framework to
achieve these objectives. The framework is composed of (a) a dynamic gray model (DGM) that
captures the internal structure of time series data online, (b) an algorithm that whitens the
incoming data into structures based on a reference model and a test model according to the
underlying DGM, (c) a set of analytical methods for data analysis, including online subsequence
matching, which generates dynamic query subsequences, defines new subsequence similarity
measures, and performs similarity matching with consideration of the internal structures of time

series data.

This framework is very useful for real-time systems where response time is critical. We

have applied the framework to multiple problem domains, such as financial data analysis and

network traffic analysis.
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CHAPTER 1
INTRODUCTION
Time series data mining is the combination of time series analysis and data mining fields.
The time series data mining does not have traditional time series constraints such as stationarity,
linearity, and data distribution, etc., by incorporating data mining concepts and techniques. In
this chapter, the definition of time series is reviewed, the general goal of the data mining is

discussed, and the problem statement is finalized.

A time series is a sequence of data observed and ordered in time.

X ={x,t=1..,N}

where t is a time index, and N is the number of observations. The components of X can be any
observable variable. Theoretically, X can be seen as a continuous function of time variable t.
Generally, time is viewed in terms of discrete time steps. The time interval can be constant or
nonuniform. If X contains only one component, it is called a univariate time series. When

several time series variables interact with each other, a multivariate time series is observed.

Researchers study systems that generate time series and evolve over time, and hope to
discover underlying principles, patterns, and generating mechanisms. Models are often built by
researchers and used for predicting and controlling the systems. The better the understanding of
the operating mechanism of systems that generate the time series, the more accurately

predictability and controllability can be achieved.



The most popular traditional time series analysis methods include Autoregressive Moving
Average (ARMA), Autoregressive Integrated Moving Average (ARIMA), Autoregressive
Conditional Heteroskedasticity (ARCH), and Generalized Autoregressive Conditional
Heteroskedasticity (GARCH) model[1-3]. However, most statistical time series analysis
methods such as ARIMA are limited by the requirement of stationarity of the time series data,
Gaussian distribution, and independence of residuals. The stationarity in statistics means that
the statistical characteristics of time series data remain constant over time. Residuals are the
errors between the observed values of time series and the values generated by the model.

Residuals are often required to be uncorrelated, independent, and normally distributed.

Data mining is a set of techniques that analyze data to uncover hidden patterns[4, 5]. Like
gem mining is a search for gems from sands, data mining is the search for gems of information
from massive amounts of information. In time series data mining, these gems are often referred
to as events or changes. As a gem is hidden underground, the gemstone of information is hidden
in data. As goals of prospectors are different, such as seeking silver, gold or oil, the mining
processes should be variant accordingly. The mining of gemstones of information that is desired
should also be defined clearly. Therefore, in Chapter 3, we defined our gemstone of information
to be mined after review of techniques of time series analysis and data mining in Chapter 2.
Without clear definition of what is to be discovered, there is no way to know which and when the

gemstone of information is going to be discovered under what conditions.



Our time series data mining of structural changes framework has its foundations in
several fields. It builds upon concepts from data mining [4, 5], time series analysis [1, 3, 6], non-
linear dynamics and dynamic systems [7-10], and gray systems [11-13]. From time series
analysis comes the theory for analyzing linear, stationary time series. From time series analysis
limitations such as statistical assumptions suggest the possibility of a new approach to analyze
time series data. From data mining comes the discovery of hidden temporal pattern and events.
From the dynamic systems and nonlinear dynamics comes the new approach to mine the internal
structure of time series, which defines the meaning of time series and allows more accurate
forecasting. From gray systems come the limitations of the accurate description and building of
a model in neural network or machine learning methods when the data are rare. Furthermore, the
motivation to build a new distance measure in similarity matching arises from the fact that
general dimensionality reduction techniques do not consider the internal structure of time series
and the relative position of each end point being compared. The gray systems also provide the
power of modeling time series data that contain a lot of noise. Introduction of dynamic adaption
to the gray systems would give the cognitive system the power to understand the changing
structure of drifting parameters characteristic of time series evolution, especially when the

systems generating the time series are not necessarily linear or stationary.

A number of technigues have been suggested in the literature for detecting novelties,
anomalies, and faults in monitored systems [14-18]. These include control charts, model based
methods, knowledge-based expert systems, pattern recognition and cluster analysis, hidden
Markov models, and neural networks. Most existing methods require either prior knowledge

about various novelty conditions or precise theoretical model of the monitored system. A robust



method, however, should detect any unacceptable (unseen) change rather than looking for
specific (known) abnormal activity pattern. The main contributions of our researches include:
+ Statistical assumptions/independent dynamic time series modeling.
% Dynamic adaptive structural change detection with a threshold that is easy to set
up.
% Structural-driven dimension reduction with consideration of internal structure of
time series.
% Two-dimensional comparison measures to evaluate and compare structural
mining results
% Online event-driven time series clustering and similarity search based on our

newly defined metric function.

Problem Statement

Given a time series, suppose there is an unknown function O that describes operating
mechanism of system activity of time series denoted as O(X,). There exits a cognitive function
G, such that G(O(X,)) continuously whitening the operating mechanism of the system. The

structural change of a system that generates the time series at time t if and only if

D(G(X,),0(X,))>0o,where 6 >0, ¢ isthe tolerance and D(e) is the distance measure.

Therefore, the goal of the research is to discover a series of structural change points ( a
sequence of events, as defined in chapter 3), given a time series, in an online fashion. Once a

sequence of events is defined, such as E ={e, e, ... }, where each e isaneventand t; <t,,,



the clustering and similarity matching of the time series can be performed after their historical

events are discovered using our newly defined distance measure function discussed in Chapter 5.

Objectives & Methodologies:

Like the goal of mining gold from sand is to find nuggets, the objective of this study is to
discover changes of structures in the data stream. These structures help researchers to gain
insight view of the data generating mechanism and understanding the changes. Once the

structures are discovered, our second goal is to cluster and match the similar time series.

In order to achieve these goals, a dual-model approach is developed based on dynamic
gray systems. The algorithms fully utilize the high-precision property of the dynamic gray
models. The difference between the reference model and test model monitors the structural
changes of the data stream based on the distance measure we created. The data are then
converted into a smaller dimension by representing the data by these structural change points.
Therefore, we could perform the similarity search and clustering on this much smaller dimension
space obtained. A new distance metric is also developed to take the structures into consideration

during similarity matching and clustering.

Finally these algorithms and parameter sensitivity are evaluated against synthetic time
series and real world time series data. In order to compare the results, a two-dimension

evaluation space is created to compare different results.



Dissertation Structure

The dissertation is composed of eight chapters. Chapter 2 overviews the general
techniques used in time series analysis. After the reviews of the stationary and nonstationary,
time domain, and spectral domain analysis of time series analysis, the data mining technologies

are discussed; the time series data mining is further reviewed later.

Chapter 3 defines key Time Series Data Mining concepts, such as events, temporal
pattern, structural change, similarity matching, and clustering. After definitions of each concept,

the latest research studies are summarized and discussed in detail.

Chapter 4 elaborates the dynamic system and dynamic gray system that are used in the
dissertation as a cognitive system to whiten the underlying generating mechanism of the time
series. The general methodologies and algorithms to build a static and a dynamic cognitive

system are discussed in detail.

Chapter 5 establishes the fundamental time series data mining of structural changes and
clustering methodology. The fundamentals of defined distance measure, both for the whitening
function and the similarity clustering, are introduced. The theory behind the measures is

explained.

Chapter 6 extends the time series structural change mining and similarity matching

algorithms with their experimental results on synthetic time series data. The experimental results



on both structural change identification in time domain and phase space are discussed. The

results of similarity measure with synthetic examples are also presented.

Chapter 7 presents the results from examples of real world data, such as financial time
series structural change mining and network traffic flow time series structural change mining.
The financial time series clustering and similarity matching with event-driven measure are also

discussed in experimental analysis.

In chapter 8, a summary of the dissertation and a discussion of future work are included.



CHAPTER 2

REVIEW OF TECHNIQUES

Time Series Preliminaries

A time series is a sequence of values that are recorded at certain intervals. These values
are usually real numbers, and the intervals are often regular, occurring in forms such as yearly,
monthly, weekly, daily, hourly, etc. Irregularly recorded data also occur, at times, in the real
world; however, these data are often interpolated from sequences of values to regular intervals

before a time series analysis is performed.

Time series data are perhaps the most frequently encountered type of data. The time
series data touch almost every aspect of human life, including computer science, economics,
finance, aerospace, social sciences, and other disciplines. The most commonly seen time series
is perhaps financial time series data observed in various time intervals, such as hourly, daily,
monthly, or even yearly. Figure 2.1 plots the daily stock price and transaction volume of MSFT
from Nov. 2004 to June 2005. Figure 2.2 shows the monthly high, low, and average
temperatures at the Athens, Georgia Airport in 2004. These kinds of climatological time series
data are often mined for predictive purposes. Figure 2.3 plots the hourly Kbytes transferred on

the web server of http://www.fungen.org. Time series data often contain valuable information

that can be used for predicting, resource reallocating, business planning and customer-based

marketing, web mining and engineering, user pattern analysis, etc.
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Time series analysis is fundamental to engineering, science, and business. Researchers
study the systems as they evolve over time. The researchers hope to discover these underlying
rules and mechanisms during the evolutionary process of time series and attempt to develop
models that are useful for predicting or controlling time-series generating systems. Most of the
work in time series analysis, both in statistical and knowledge-discovery aspects, focuses on the

following purposes:

33

S

Predicting the future values of the time series;

33

S

Classifying the time series into predefined classes;

%

S

Modeling the time series in terms of parameters;

X/
°

Matching time series to one another.

10
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Predicting future values of a time series is a problem of function approximations that
estimate the future value(s) based on historical data and some time-independent variables.
Usually, the evaluation of forecasting performance is measured by computing an error, E, over a
number of time series elements among the estimated elements of the model and the actual
sequence elements. The typical distance measure — Euclidean distance — can be use here, also.
The most common approach is to find the least squared error between the estimated and the

actual values.

Classification of time series can be expressed as the problem of finding a function that
assigns one of several classes to a time series. Classification can be viewed as a special case of
function approximation, where the function to be approximated maps continuous vectors onto
single-valued ones. Trend analysis and discovery of seasonality patterns are both applications of

classification.

Modeling time series enables us to describe the series in terms of parameters.
Essentially, it is a generalization of forecasting. The time series model is capable of generating

the series by successively substituting input by estimates.

Matching one time series to another time series can be viewed as similar time series

pattern matching, where separate models describe the time series and then employ a mapping

function among the series.

11



Practically, an exact model of the time series is not a realistic goal. The residual error
can’t be removed even in the most optimized model. Many forecasting models estimate both the
forecast value and the expected disturbance from noise. The general methods in time series
analysis include Autoregressive Integrated Moving Average (ARIMA) method, the structural
time series state method, non-linear methods such as neural network, generic algorithm, and

spectral decomposition analysis.

Traditionally, there are two ways to analyze time series data: time domain analysis and
frequency domain analysis. Time domain analysis examines how a time series evolves over time
using methods such as linear regression and autocorrelation analysis. Frequency domain
analysis, which is often known as spectral analysis, focuses on how periodic components at
different frequencies describe the evolution of a time series. In the following sections, most

common time series analysis methods in time domain and frequency domain will be examined.

Traditional time domain analysis includes statistical time series analysis and modeling.
Statistical time series analysis includes linear/non-linear regression, ARIMA, etc., that analyze
stationary time series. The ARIMA method was proposed by Box-Jenkins[1] and had been
widely used in the area of time series modeling. The ARIMA method assumes that a series can
be reduced to a stationary time series by differencing, logarithm, or other detrending methods. In

this section, only the ARIMA method (most commonly used) is summarized.

The ARIMA method involves finding solutions to the differential equation of the general

ARIMA model of order (p, P, g, Q), which is
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#,(B)¢,(B")x =5 +6,Q(B")a,
Where:
$,(B)=(1-4B —¢,B? —...—¢,BP) is the nonseasonal autoregressive operation of order p models
low-order feedback responses:
¢,(B")=(1-¢,B"—¢, B* —..— ¢, B™)is the seasonal autoregressive operator of order P
models feedback response that occur periodically at seasonal intervals,
6,(B)=(1-6B- 0,B* —...— d,B") is the nonseasonal moving average operator of order Q that
models low-order weighted average responses,
0,(B*)=(1-6, B" -0, B* —..— 64, B%)is the seasonal moving average operator of order Q
that models the seasonal weighted average responses, and
o= ,u¢p(B)¢p(B") is a constant term, where x is the true mean of the stationary time series
being modeled,
Gty BB @y 10,0,,..,60,:6,.6,,...,0, and & are unknown parameters that
must be estimated from sample data, and &, &, ,,.... are random shocks that are assumed to be

statistically independent of each other; each is assumed to have been randomly selected from a
normal distribution that has mean zero and a variance that is the same for each and every time

period t.

The B is called the backshift operator. It shifts the subscript of a time series observation

backward in time. For example, By, =y, , and By, =y, , .
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In ARIMA, the order of the operators is selected specifically, and the parameters are
computed from the time series data using optimization methods, such as maximum likelihood

and least squares methods.

The ARIMA techniques provided a comprehensive approach for analyzing stationary
time series whose residuals are normal and independent. However, the ARIMA method is
limited by the requirement of invertibility of the time series; i.e. the system generating the time
series must be time-invariant and stable. In addition, the residuals must be independent and

distributed normally.

Autocorrelation for time series analysis is a method that studies the sequential progress of
events. Predictions for future values of a variable are expressed based on the dependence or

regression on the variable’s historical values. More details on ARIMA model can be found in

[1].

Structural time series models are linear models that study the variables of interest in the
time series. Each time series is thought of as a system consisting of four components:

Observed time series = trend + cycle + seasonal variation + irregular fluctuation

(where irregular component reflect non-systematic movement in the time series[19]. In
general, in a given time series, all these four components can occur together or in any
combinations[20, 21]. By understanding the trend, seasonality, cycles, and irregular components

of historical series data, forecasting the current or future values is accomplished.
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Structural time series models are estimated by converting the time series into a state
space form[19]. In general, the value of a time series at time t is plotted against the value of the
time series at time t-1, using first-order Markov process. After a model has been put into a state
space form, the Kalman filter can be applied[19]. The Kalman filter is a recursive process that
computes the optimal estimator of the state vector at time t based on the information at time t.
The Kalman filter is an optimal estimator if the disturbances, and the initial state vector are
normally distributed. The structural models overcome many of the limitations of the ARIMA
models, such as trending. However, as linear models, their prediction capability is limited to a

short window of prediction.

Non-linear analysis

Non-linear methods such as neural networks and genetic algorithms have been used to
solve these types of problems. Neural network (NN) is a representation of a nonlinear
nonparametric model. The procedure allows the data to determine the structure and parameters
of the model without any restrictive assumptions. In other words, it is a technique that allows the
data to speak for themselves rather than introducing parameter restrictions based on
preconceived ideas and hypotheses. Neural networks can be viewed as being a special class of
nonlinear parametric models where the process of ‘learning’ or ‘training’ is equivalent to the
estimation of parameters. Neural networks have attracted the attention of scholars from a variety

of fields because of their power in recognizing patterns of behavior.

Dorffner [22] presents an overview of the most common neural network types for time

series processing such as pattern recognition and forecasting in spatial-temporal patterns. Neural
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networks have been used extensively besides the ARIMA and the state-space linear models
mentioned above. Non-linear models (such as neural networks) are more powerful than linear
ones, because they are tolerant of problem complexity and are independent from experts, do not
assume, theoretically, stationarity, have self-learning and self-tuning capabilities, and do not
require knowledge of data relationships. However, as in static pattern recognition, neural
networks require much more care and caution than linear methods in that they[22] require a large
amount of sample data to solve the parameters of each node. Neural networking can also
encounter a variety of problems, such as overfitting and sub-optimal minima as a result of
learning (local minimum vs. global minimum) due to many degrees of freedom, and they rely on

the trial-and-error method to determine hidden layers and nodes.

Time Series Spectral Analysis

The Fourier transform and wavelet transform are two main tools for spectral analysis of
time series. In the following sections, Fourier transform and wavelet transform are briefly

discussed.

In time series analysis, a finite sequence of values is observed in discrete time, so Fourier
transform cannot be applied directly to a time series. The discrete Fourier transform (DFT) will
map a sequence in the time domain into another one in the frequency domain. DFT analysis
decomposes a time series into its component parts. Fourier spectral analysis provides
information on which waveforms are present in the series, which frequencies are present, and

how strong each of the component parts is.
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The Discrete Fourier transform (DFT) is defined as follows:

(DFT) Given a time sequence X={Xo, X1, ..., Xn-1}, its Discrete Fourier Transform (DFT) is
X =DFT(X) ={Xy, X;,e, X, 1}

where

n-1 -
X :iz xe 77PN E =0,1,...,n-1

In s

The inverse Discrete Fourier Transform (IDFT) of X, x = IDFT(X) is given by:
X :inf:x e/ i=0,1..,n-1
i \/ﬁ " F ’ 1= ’

We note these relations as:
X =DFT (x) and
x = IDFT(X)
The time series X = {Xo, X1,..., Xn-1} €an be thought as samples from a function f(x) on the

interval (0, T), s.t. x; = f(iT/n).

The DFT preserves he Euclidean distance between time series. For most real time series,
the first few coefficients contain most of the information. It is reasonable to expect those

coefficients to capture the raw shape of the time series.

The symmetry of the DFT and the IDFT makes it possible to compute the DFT
efficiently. Cooley and Tukey [23] published a fast algorithm for Discrete Fourier Transform in
1965. It is known as Fast Fourier Transform (FFT). The FFT method starts by taking this signal
and breaking it down into two equal parts that consisted of the odd and even numbered samples,

dividing each sample into two N/2 points DFT. Then the Recombine Algebra is used to
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recombine the samples in the correct order. The decimation process provides another stage by
breaking down the N/2 points DFTs into N/4 points DFTs. This is repeated again and again until
we reach a series of two-point DFTSs. Since the recombination algebra requires N complex
multiplications and there are log, (N) stages, the approximate number of complex multiplications
is N log, (N). FFT is one of the most important inventions in computational techniques during
the last century, since it significantly reduced the computation of the DFT. The time complexity

of the DFT for a time series of length n is O(n?) is reduced to O(n log n) using the FFT.

Because the Euclidean distance is preserved in the Fourier transform in time or frequency
domain, DFT has been used to perform similarity matching, discretizing, dimension reduction
and clustering in time series. Agrawa, et.al. [24] used the DFT to map series into the frequency
domain and found that most sequences display only a few strong frequencies. They mapped
sequences to a lower dimension space by using only the first few Fourier coefficients; then
similarity queries could be answered using an R*-tree index to the sequences. Further
information on the Fourier transform can be found in any digital signal processing book, such as

Robinson [25].

The theory of Wavelet transform was developed based on the Fourier transform and has
gained popularity in time series analysis where the series varies significantly over time because
the FT is ideal only for periodic time series, and thus is not real as applied to most financial time

series.

18



Wavelets allow a time series to be viewed in multiple resolutions, each of which reflects
a different frequency. The wavelet technique assesses averages and differences of a signal,
breaking the signal down into a spectrum. In this process, each step of the wavelet
transformation produces two sets of values: a set of averages and a set of differences
(differences are referred to as wavelet coefficients). Each step produces a set of averages and
coefficients that is half the size of the input data. For example, if the time series contains 256
elements, the first step will produce 128 averages and 128 coefficients. The averages then
become the input for the next step (e.g., 128 averages resulting in a new set of 64 averages and

64 coefficients). This continues until one average and one coefficient (e.g., 2°) are calculated.

The configuration of average and difference of the time series is made across a window
of values, with most wavelet algorithms calculating each new average and difference by shifting
this window over the input data. For example, if the input time series contains 256 values, the
window will be shifted by two elements, 128 times, in calculating the averages and differences.
The next step of the calculation uses the previous set of averages, also shifting the window by
two elements. This process has the effect of averaging across a four-element window. Logically,
the window increases by a factor of two each time. In the wavelet literature, this tree structured

recursive algorithm is referred to as a pyramidal algorithm.

The power of two coefficients (difference) spectrum generated by a wavelet calculation
reflects change in the time series at various resolutions. The first coefficient band generated
demonstrates the highest frequency changes, while each later band reflects changes at lower and

lower frequencies.
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There are an infinite number of wavelet basis functions. The more complex functions
(like the Daubechies wavelets) produce overlapping averages and differences that provide a
better average than the Haar wavelet at lower resolutions. However, these algorithms are more

complicated.

Haar wavelet [26]is the simplest type of wavelet. In discrete form, Haar wavelets are
related to a mathematical operation called the Haar transform, which serves as a prototype for all
other wavelet transforms. Besides the Haar wavelet, there are a wide variety of popular wavelet
algorithms, such as Daubechies wavelets, Mexican Hat wavelets and Morlet wavelets [27, 28].
These wavelet algorithms have the advantage of better resolution for smooth changes occurring
in time series, but they have the disadvantage of being more expensive in computation than that
of the Haar wavelet. | will briefly summarize the Haar wavelet’s algorithm below, followed by

an example.

The Haar wavelet algorithms summarized here are applied to time series where the
number of samples is a power of two (e.g., 2, 4, 8, 16, 32, 64...). The Haar wavelet uses a
rectangular window to sample the time series, with the first pass over the time series using a
window width of two. The window width is doubled at each step until the window encompasses

the entire time series.

Each pass over the time series generates a new time series and a set of coefficients. This

new time series results from the average of the previous time series over the sampling window,
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with the coefficients representing the average change in the sample window. For example, if we
have a time series consisting of the values vy, v1, ... v, @ new time series, containing half as many
points, is calculated by averaging the points in the window. If it is the first pass over the time
series, the window width will be two, so two points will be averaged:
for(i=0;i<n;i=i+2)
Si = (Vi + Vis1)/2;

The wavelet coefficients are computed along with the new average time series values,
with the coefficients representing the average change over the window. If the width of window is
two, this would be:

for(i=0;i<n;i=i+2)

Ci = (Vi - Vi+1)/2;

Let’s use an example to illustrate the above algorithm:
Suppose the original time series is defined by eight values, e.g.:
S = (56, 40, 8, 24, 48, 48, 40, 16)
The mean and difference computation is shown in the table below, with differences emphasized

in bold and italic type:

56 40 8 24 48 48 40 16

48 16 48 28 8 -8 0 12
32 38 16 10 8 -8 0 12
35 -3 16 10 8 -8 0 12
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It is important to observe that no information has been lost in this transformation of the
first row into the fourth row. This means that we can reverse the computation. Beginning with
the last row, we compute the first two entries in the third row as 32 = 35+(-3) and 38 = 35-(-3);
analogously, the first four entries in the second row are computed as 48 = 32+(16), 16=32 — (16),
48 = 38 + (10), and finally 28 = 38 — (10). Repeating this procedure, we get the first row in the

table.

The Haar wavelet transform has a number of advantages, since it is::

s Simple and fast;

s Memory efficient because computation is performed without a temporary array; and

%+ Exactly reversible without the edge effects that pose a problem in other wavelet

transforms.

However, the limitations of Haar transform can pose a problem for some applications.
For example, the high frequency coefficient spectrum should reflect all high-frequency changes,
but the Haar window is only two elements wide. If a large change takes place from an even value
to an odd value, the change will not be reflected in the high-frequency coefficients. The
Daubechies D4 algorithm has a slightly higher computational overhead and is conceptually more
complex. As the matrix forms of the Daubechies D4 algorithm demonstrate, there is an overlap
between iterations in the Daubechies D4 transform step. This overlap allows the Daubechies D4
algorithm to pick up details that are missed by the Haar wavelet algorithm shown in the

following figure: 2.4[29].
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The red line in the plot below reveals a signal with large changes between even and odd
elements. The pink line plots the largest band of Haar wavelet coefficients (e.g., the result of the
Haar wavelet function). The green line plots the largest band of Daubechies wavelet coefficients,
and the coefficient bands contain information about the change in the signal at a particular

resolution.

Red: data, Green: Daubechies, Pink: Haar

Figure 2.4. Haar wavelet transform example

In this version of the Haar transform, the coefficients show the average change between
odd and even elements of the signal. Since the large changes fall between even and odd elements
in this sample, these changes are missed in this wavelet coefficient spectrum. These changes

would be picked up by lower frequency (smaller) Haar wavelet coefficient bands.

Wavelet transforms have been used for sequence matching[30-33]. These transforms

create features that describe properties of the sequence both at various locations and at varying
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time granularities. From a knowledge discovery viewpoint, the spectral methods are somewhat

indirect.
Increasing
Computing
Statistical & Improved
Learning Data
Algorithms Collection
and Mgmt
Figure 2.5. Data mining interrelated fields
Data Mining

Data mining is also known as Knowledge-Discovery in Databases (KDD). Data mining
is defined by Weiss and Indurkhya as “the search for valuable information in large volumes of
data. Predictive data mining is a search for very strong patterns in big data that can generalize to
accurate future decisions[5]”. Frawley [34] defined data mining as "the nontrivial extraction of
implicit, previously unknown, and potentially useful information from data". Hand, et al, [35]
also defined data mining as "the science of extracting useful information from large data sets or
databases." Although data mining is defined differently, it is often used in relation to analysis of
data and information extraction. Data mining is also applied as a term with varied meanings in a

wide range of contexts.

Data mining evolved from several fields (Figure 2.5), including computer science,

machine learning and statistics, and database. The goal of data mining is to discover previously
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unsuspected relationships, patterns, and feature, which are of interest of value to their owners. In
general, data mining can be categorized into event-based data mining and relationship-based data
mining. Relationship-based data mining is based on associations. It includes spatial, temporal,
and coincidence associations. Spatial associations identify events (for example, astronomical
objects) at the same location in the sky. The temporal associations find events occurring during
the same or related periods of time; and the coincidence associations use clustering techniques to
identify events that are co-located within a multi-dimensional parameter space. The event-based
data mining is the research based upon events or trend in data. The definition of events will be

discussed later in the Chapter Three of this dissertation.

If the degree of knowledge understood is expressed as a gradient from white to black, where
black means unknown and white means known, the event-based data mining can be illustrated in

knowledge space as shown in figure 2.6 based on the algorithms used and the events.

Algorithms

Event

Figure 2.6. Event-based data mining based on algorithms and event
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Known events/known algorithms constitute the methodology that uses existing
(descriptive) models (descriptive) to locate known phenomena of interest (events) either spatially
or temporally within a large data set or database; known events/unknown algorithms is the
method that uses recognition and clustering properties of data to discover new observational
relationships among known phenomena (events); unknown events /known algorithms use
expected physical relationships (predictive models) among observational parameters of
phenomena to predict the presence of previously unseen events within a large data set or
database; and unknown events/unknown algorithms relies on thresholds or trend to identify

transient or otherwise unique (“one-of-a-kind”) events in an attempt to discover new phenomena.

Data mining uses techniques, among them association rules, clustering and classification,
visualization, decision trees, neural networks to identify novel, hidden, and useful structures or
events from data set or large data base[36]. Time series data mining have grown rapidly as an
exciting subfield of data mining[37]. There are many reasons for this, including:

«+ A growth in the volume of data being collected and requiring analysis

«+ An increase in the general availability of data through the Internet and as a result of

E-commerce and inter-enterprise applications

«+ A growing recognition of the value and commercial advantage that the result of data

mining can bring

In the following section, we will review the general time series data mining concepts,

techniques and applications.
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Time Series Data Mining

Time Series Data Mining is also called sequence data mining. This involves mining a
sequence of data that can either referenced by time (time-series, such as stock market and
production process data), or simply reveals a sequence of data that are ordered in a sequence. In
general, one aspect of mining time-series data focuses on the goal of identifying movements or
components that exist within the data (trend analysis). These can include long-term or trend

movements, seasonal variations, cyclical variations, and random movements.

Time series data mining has been attracting tremendous amount of attention in data
research community [38]. Due to the advances in data storage technologies and the advent of
large-scale business and scientific applications, as well as the relatively recent appearance of the
Internet, the data for data mining applications have become very large and may contain over
several million records; as a result, people have experienced the era of data explosion.
Therefore, the sizes of normal databases nowadays might be hundreds of gigabytes or even
terabytes. On the other hand, people's abilities to analyze the collected data are limited, and the
enormity and complexity of the data involved make the task of data mining prohibitively

expensive.

Traditionally, people tried to build models for time series data and then fit the actual
observations of sequences into these models. If a model is successful in interpreting the
observed time series, the future values of time series can be predicted, provided that the model’s
assumptions continue to hold in the future. However, these traditional data mining techniques

have troubles when they are applied to the data with these characteristics, such as high
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dimensionality, non-stationarity[39]. This contradiction creates the need to generate new
technologies and tools to analyze the collected data intelligently and efficiently and overcome
the difficulties embedded in today’s data, which sparks the emergence of knowledge discovery in

databases (KDD) and data mining.

Other techniques that are used on these kinds of data include similarity search,
sequential-pattern mining, and periodicity analysis. Similarity search is concerned with the
identification of a pattern sequence that is close or similar to a given pattern. Sequential-pattern
mining has as its focus the identification of sequences that occur frequently in a timer series or
sequence of data. Periodicity analysis attempts to analyze the data from the perspective of

identifying patterns that repeat or reoccur in a time series.
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CHAPTER 3
CONCEPTS IN TIME SERIES DATA MINING
In previous chapters, events, temporal patterns, structural change and similarity matching
are presented in Time Series Data Mining (TSDM). In this chapter, these concepts are explained
in further detail. Current research on time series data mining is reviewed in relation to each

concept, with clear definitions of the concepts presented in the research framework defined.

Event

An event is an important occurrence in a time series. However, the definition of an event
depends on the Time Series Data Mining goal and application [40, 41]. For example, in the
mining of the weather time series data, a hurricane could be defined as an event. In
telecommunication industry time series data, switch failures over time may be defined as events.
Other examples of events in the financial time series mining might include sharp rises or falls of

a price of the equity being studied or fraudulent credit card transactions.

Given a time series X ={x,,t=1,...,n}, an event E; is a time-stamped observation that

occurs at time t and is described by a set of feature-value pairs defined by the goal of time series
data mining. Therefore, an event sequence is a time-ordered sequence of events,

E={E,,E,,... E }, which includes all events at time t,. In general, the events are associated

with a domain (object D), which is the source or generator of the events[18, 42].
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Cox and Lewis[6] proposed the statistical analysis of series of events. Based on the time-
dependent Poisson process, generalizations of renewal processes are introduced to study the
marginal distribution of the intervals and of the second-order properties of these intervals and
also account for factors such as doubly stochastic Poisson process, Wold’s Markov process of

intervals, Branching renewal processes, and the Semi-Markov process.

Weiss and Hirsh [18, 42, 43] described a learning system that uses a genetic algorithm-
based machine learning system to predict rare events with categorical features derived from
time-series data by identifying predictive temporal and sequential patterns within time series
data. Due to the inherent difficulty of the problem and the limited information revealed by the
observed data, it is generally not possible to make predictions with high accuracy. The authors
proposed an algorithm to learn noise-tolerant rules and return multiple solutions, trading off

precision and recall in different ways.

Another type of research that uses the genetic algorithm method to search for optimal
temporal pattern clusters that are significant for characterizing and predicting events (the
important occurrences) is the study done by Povinelli and Feng [41, 44] and Povinelli [45]. They
have proposed a specific time series data mining framework aimed at a priori identification of
the future events via the pre-defined (desired) properties. The key idea is the selection of a
number of patterns from past evolution that maximize the event characterization function defined

a priori on the phase space.
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Gao, Kinouchi, and Zhao [46] presented an event detection method using neural network
for time series analysis to capture homeostatic dynamics of the system under the influence of
exogenous event. The results showed that the BP neural networks could identify the properties
of homeostatic dynamics and model the dynamic relation between endogenous and exogenous
variables in financial time series. Therefore, the authors concluded that the neural network is
useful for event extraction from time series by capturing and modeling the predictable

deterministic and unpredictable random components.

Knovalov [47] proposed a new general procedure for a priori selection of more
predictable events from a time series of an observed variable. The procedure first implies the
creation of two neural network-based forecasting modes, one of which is aimed at the prediction
of conditional mean and others — conditional dispersion, and then elaboration on the rule for
future event selection into groups of more and less predictable events. The main idea of the
method is creation of the special neural network model aimed to predict absolute errors of
forecasts, then discriminating between more and less predictable events, achieved by a priori

assessing an error of a forecast of a given event.

Guralnik and Srivastava [48] presented an approach for event detection from time series
data. The iterative algorithm fits a model to a time segment and uses a likelihood ratio to
determine whether the segment should be partitioned further. The experimental results suggest
that the algorithms are able to correctly identify change-points in cases where signal-to-noise

ratio is not too low.
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Wu, Salzberg and Zhang [49] defined an event as a new potential end point which is
being identified, with no pruning needed by their 3-tier online simultaneous segmentation and
pruning algorithm over a massive data stream. The algorithm produces a piecewise linear
representation of the data stream that features high sensitivity and accuracy. The event-driven
subsequent matching and search in the time series is then performed based on the similarity

definition that is based on a permutation followed by a metric distance function.

Genetic algorithms and neural networks have been used in the above research to identify,
learn. or detect events from a time series, e.g., researches that have been conducted by Weiss
and Hirsh [18, 42, 43], Povinelli and Feng[41, 44] and Povinelli [45], Gao, Kinouchi, and
Zhao[46] Knovalov[47]. These methodologies used works well in the processing of offline time
series data for the model to learn and function. Povinelli, Feng and Knovalov have tried to mine
the internal structure change of time series itself, while Povinelli and Feng have attempted to
identify the structure in the phase space on which the event prediction is based. Knovalov has
proposed to predict absolute errors of forecasts of neural networks with collaboration of another
neural network to discriminate high predictable and low predictable events. Guralnik and
Srivastava and Wu’s algorithms are able to identify and predict events in both incremental and
batch (online and offline) modes for time series event detection; neither not requires a prior
model. The determination of the threshold in Guralnik and Srivastava’s method is performed by
trial and error, and the segmentations of time series revealed by Wu’s method might not connect
with the internal structure change after the time series data is transferred into %b indicator and a

time delay exists in the transferred time series.

32



Temporal Pattern

Pattern is a general term for any recognizable regularity in the data. The Merriam-
Webster dictionary [50] defines pattern as “a natural or chance configuration such as frost
pattern, the pattern of events” or “a reliable sample of traits, acts, tendencies, or other observable
characteristics of a person, group, or institution”. The pattern is often used in combination with
time, sound and space. Pattern also helps to describe the structures behind our thinking, such as
in the financial time series data; e.g., a head-and-shoulders pattern is defined to describe the
shape of the price move like that of head and shoulders. However, there are two opposites of the
term “pattern”. If we are not able to recognize any pattern, we may state that there is no pattern.

The other way often used to describe a pattern is regarded as a separate class, the random pattern.

Temporal patterns are those that may or may not be stable over time. Temporal patterns
are probably best explained by using the language of music. They can be defined as consecutive,
organized arrangements of sounds on an abstract level. Povinelli and Feng[44, 45, 51] defined a
temporal pattern as a hidden structure in a time series that is characteristic and predictive of
events; and it is represented in a Q-dimensional real metric space. In time series, a temporal
pattern may be described as a set of points that describes the location of these points in terms of
the relative distances between one point and another, arranged temporally in terms of time and/or
scale. Generally, a temporal pattern can be defined over a multidimensional domain of which at

least one dimension is time.

It is very important to identify temporal patterns because in them very little is stable and

unchanging, particularly when the objective is to detect some event or action, process it with a
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computer, and act upon the event or action in real life. Temporal pattern processing is a
challenging task because the information is embedded in time and inherently dynamic [52]. One
example of a temporal pattern is a traffic build-up in a telephone switch that may cause the

switch to become overloaded.

Temporal pattern processing and identification is a challenging topic, because of the
information is embedded in time and is therefore inherently dynamic and not simultaneously
available. However, the two characteristics of temporal pattern — (a) temporal order (b) time
duration — provide keys to temporal pattern identification and processing. Povinelli, etc. [44, 45,
51, 53] also conducted extensive research on temporal pattern identification, characterization,
and matching using pattern wavelets and genetic algorithm. They defined temporal pattern as
hidden structure in a time series that is characteristic and predictive of events defined as an
important occurrence. In order to link a temporal pattern (past and present) with an event
(future), the authors introduced event characterization function that represents the value of future
‘eventness’ for the current time index. The event characterization function is defined such that
its value at t correlates highly with the occurrence of an event at some specified time in the
future. The authors also presented a new method for temporal pattern matching by pattern
wavelets and genetic algorithm. A problem-specific fitness factor is introduced in the feature
space. Pattern wavelets yield high fitness value for temporal pattern matching through a

threshold process.

Lin and Keogh [54] and Keogh [54, 55] have attempted to find and locate specified

previously known patterns in a time series. The temporal features are extracted by Markov
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models and expressed via a suffix tree. Then the algorithm that detects surprising patterns in a
time series occurring in linear space and time are addressed. Lin further defined the *motif’ as
patterns previously unknown but frequently occurring. After the time series are discretized, the
authors use Enumeration of Motifs through Matrix Approximation (EMMA) and modified ADM

algorithms to search the temporal pattern from time series efficiently.

Singh and Stuart [56] described a pattern recognition-based tool for forecasting. The
pattern- matching approach is based on the premise that current structures may be matched with
old structures to generate a future prediction. Then, the time series is mapped into a binary series
based on the defined direction of change, high or low. The authors showed that the pattern-
matching method based on structure-matching performs very well when compared with other

established statistical methods used frequently in practice.

Dasgupta and Forrest [57] incorporate the ideas from Immunology into novelty detection
in time series data. In the Immunology, “self “is defined as normal data patterns and “non-self”
as any deviation exceeding an allowable variation. The novelty detection algorithm is based on
the negative-selection mechanism of the immune system that discriminates between self and
other. The algorithm proposed relies on a large enough sample of normal data to generate a
diverse set of detectors that probabilistically notice any deviation from the normal. The
detection system may also be updated by generating shifts due to aging, system modifications,

change in operating environments, etc.
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Elfeky, etc [58, 59] focused on incremental mining of partial periodic patterns that had
been defined by Han [60] in time series. The partial periodic patterns are those that specify the
behavior of time series at some but not all points in time. In the papers, several algorithms for
incremental mining of partial periodic patterns in time series are proposed and analyzed
empirically. The new algorithms allow for online adaptation of the thresholds in order to

produce interactive mining of partial periodic patterns.

Wang, etc. [52, 61, 62] have conducted extensive studies on temporal pattern processing
with neural networks. A neural network that has a capacity of short-term memory is outlined for
temporal pattern processing and recognition. The anticipation model is developed to learn
multiple complex sequences sequentially; i.e., the new training does not take place until existing
sequences are acquired. The authors discovered that the interference properties of the
anticipation model are consistent with human retroactive interference well documented in

psychology. The recognition scheme is achieved via Hebbian learning.

Structural time series and Structural Change

Structural time series models are models with are formulated directly in terms of
components of interest[19]. Structural time series have a considerable intuitive appeal,
particularly for economics and social time series. Furthermore, they provide a clear link with
regression models, both in their technical formulation and in the model selection methodology.
Structural time series models are appropriate to many subjects, including economics, sociology,
and management science, as well as operational research, geography, meteorology, and

engineering.
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The typical time series of many economic and social time series displays characteristics
such as a trend, which represents the long-run movements in the series, and a seasonal pattern
that repeats itself more or less every year. A model of the series will be needed to capture these
characteristics. There are many ways in which such a model may be formulated, but a useful
starting point is to assume that the series may be composed in following way:

Observed series = trend + seasonal + irregular
(where the “irregular’ component reflects non-systematic movements in the series.) The model is
an additive and/or a multiplicative form:

Observed series = trend x seasonal x irregular
However, a multiplicative model may be handled within the additive framework by the simple

expedient of taking logarithms.

A structural time series model is set up in terms of components that have a direct
interpretation. A univariate structural model is not intended to represent the underlying data
generation process. Rather, it aims to present the ‘stylized facts’ of a series in terms of a
decomposition into components such as trend, seasonal, and cycle. These quantities themselves
are of interest. Furthermore, they highlight the features of a series that must be accounted for by
a properly formulated behavioral model. Prediction from a univariate mode is naive in the sense
that it is simply an extrapolation of past movements. Nevertheless, it is often effective and

provides a yardstick against which the performance of more elaborate models can be assessed.
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The statistical formulation of the trend component is a structural model that needs to be
flexible enough to allow it to respond to general changes in the direction of the series. A trend is
not seen as a deterministic function of time beyond which the series is constrained to move
forevermore. In a similar way, the seasonal component must be flexible enough to respond to
changes in the seasonal pattern. A structural time series model therefore needs to be set up in
such a way that its components are stochastic; in other words, they are regarded as being driven

by random disturbances.

In general, in a given observed time series, all of these components (trend, cycle, seasonal
variations, and irregular fluctuation) can occur together or in any combinations (Arnold (1974)
[20], Medhi (1982) [21]). One example is the US Nominal Gross National Product (GNP) over
the period 1890-1974 in figure 3.1 [63]. There is a clearly detectable trend; in addition, the
earlier part of the series shows marked cyclical behavior as the economy moves from boom to
recession and back again. Indeed, we would probably have realized this from the economic
history of the period without even looking at the graph. Incorporating a cyclical component in a
model for US Nominal GNP will therefore play an important role in providing a description of

this series, at least in its early stages.

38
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Figure 3.1 Nominal GNP (Billion Dollars) in U.S. from 1890 to 1974

As indicated in the structural time series, we find an internal generation mechanism that
produces the seasonal or cyclical patterns in the time series. These patterns often manifest as
identified perceptually important points, and the points are often perceptually important in the
human identification process; therefore, they should be considered of higher importance than is
often accorded to them. This situation is often presented in the financial analysis, such as head-
and-shoulder pattern, which is characterized by a few critical points; a head point, two shoulder

points, and a pair of neck points are shown as ‘() in Figure 3.2[64].
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Figure 3.2. Perceptually Important Points: Head-and-shoulder pattern

If we denote a mechanism that generates a time series, then the structure change shown in
the series results from the drifting of the generating mechanism during the evolution of the time
series. Statistically, a structure change (a priori) can be defined as the discovery of level that
change all continuous observations within one level or all continuous observations with more or
less the same gradient. Given a cognitive system, such as one created by the human brain, a
structure change in a time series means the loss of the patterns that we’re used to living with and
the appearance of the novel pattern with which we have no experience [65]. Although the
structure change defined above is not conventional in statistics or econometrics, it is usual to and
compatible with our intuition of structure change, even though, in this case, the defined structure

change might not exhibit any precise presentation or specific mathematical form.
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Structural changes in a system are often the “surprise,” ‘shock,” or sometimes
‘perceptually important’ elements that have extensively changed the operating mechanism of the
system but can’t be dealt with by some intelligent cognition methods such as dynamic adaptive
or self-organized training. Let’s assume that the operating mechanism of a system that describes

that activity of time series by function F(X,). The cognitive function of the operating

mechanism of the system is denoted as @(F(Xt)) . The system has undergone a structure change
at time t at a given tolerance level 6>0 if and only if
D(F(X,),E(2)) >3,

where D(e) is a function of distance measure and @(o) represents possible cognitive

functions.

Detection of structure changes of any observed time series data has a long history in
statistics and econometrics, but many issues remainto be settled. Recent extensive use of
nonlinear and nonstationary time series models seems to have made many of these issues even
more obscure. For example, it is difficult to distinguish a nonstationary time series from a
stationary time series with structure breaks [66]. Detecting structural changes of observed time
series is a daunting task when the model class is extended from linear to nonlinear and stationary

to nonstationary models [65].

A large variety of structural change point detection problems have occurred in time series
analysis. The literature on this topic is rapidly growing, mainly due to applications in
engineering, financial engineering, and econometrics. The problem is known under different

names in these applications, such as segmentation, failure detection, quality control, change-
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point detection, and shock detection. The underlying changes are the operating mechanism of
the time-series-generated changes, no matter what the applications are. These changes have
increased interest in using data mining techniques to extract interesting temporal patterns from
temporal sequence [67] and study the actual structural change of the series itself to reveal the
internal mechanism of changes. The internal structure and its meaning should be analyzed and
modeled for several reasons. First, the model provides a tool for forecasting and monitoring a
time series. Second, it helps to understand the underlying changes produced by the
corresponding time series. And, third, the structure change often arises from new information
involved; therefore, the information embedded in time series could be mined and prove to be not

only interesting but even strategically important.

A number of approaches have been proposed to solve the change-point detection problem
in the field of statistics [68-72]. The standard assumptions under these algorithms are:
«+ aknown, stationary (usually linear) model can be used to describe the phenomenon,
and
+¢+ the number of change-points is known a priori
The general various change-point models can be classified as likelihood ratio tests, non-

parametric approaches, and linear model approaches. These approaches are summarized below.

Parametric Likelihood Ratio Test (LRT) Method.

Assume that X,, X,,..., X, are independent normal observations with parameters
(ty,0%), (u,,0°),....,and (u,,c%). Under hypothesis Ho: z ,= t ,=...,= ¢, and under the

alternative hypothesis, a change point occurs at k™ such that u ,= u ,=...= Moo # fe = My -
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The variance is an unknown. Further, it can be assumed that both the variance and the mean may

change at an unknown time, which means that then the maximally selected likelihood ration test

IS maxL. » Where

1<k<n

L, =nlog @i —klog Q-i —(n—k)log Q-i* , Where

e =23 (X, - Xn)?,

i=1

{i(x ~Xi)? +Z(x - X )}

i i=k+1

1 n
Xe = XX
The distribution of yqxL, is approximated to the normal distribution for large sample

1<k<n

sizes [73].

Non-parametric Pettitt test:

Pettitt[72, 74] proposed a non-parametric change-point approach in 1979; this approach is
summarized below:

Assume that a change-point at k™ that separates a sequence of random variables X,, X,,..., X, if

X, for i=1,2,...,k” which share a common distribution function, F,(x)and X, for
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i=k™ +1,k™+2,...,n have a common distribution F,(x)and F,(x)=F,(x). Under the null

hypothesis of no-change, Ho: k™ = n, and the alternative hypothesis of change, H;: 1<k™ <n

uses a non-parametric statistic.

An appealing non-parametric test to detect a change would be to use a version of the
Mann-Whitney two-sample test. Pettitt pointed out that Mann-Whitney type statistics have
remarkably stable distribution and provide a robust test of the change point resistant to outliers.

Let D; =sign(X; - X)),

Lif x>0
Kk n
Where sign(x) =4 0,if ~ x=0, then the statisticU, , = Z z D; is equivalent to a Man-
~Lif  x<0 I

Whitney statistic for testing that the two sample X,, X ,,..., X, and X,,;, X, ,,...X, come from
the same population. The statistic U, is considered for the values of k, such that 1<k < nfor
the test of null hypothesis Ho, which is change and alternative hypothesis with the statistic

K, = max

1<k<n

U,

n

The limiting distribution of K, is approximate to 2exp{-6k* /(n® +n®)} for a large n.

Non-parametric F-Chow Test:

The Chow test [75] involves a non-parametric, linear approach. Quandt (1960) [76]
extends the analysis of Chow (1960) to the case of unknown break date by computing a sequence
of Chow statistics for all possible break dates contained in a restricted interval. Andrews (1993)
[77] and the related “average” and “exponential” tests of Andrews and Ploberger(1994) [78]

derived the asymptotic distributions which are useful to provide approximations to the finite
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sample distribution. The basic Chow test is summarized below. The method is a test for

structural breaks that are for stationary variables and a single change point at k™. Consider the

linear regression model with p variables as follow:
Y; = By + B X, +...+,BpXi’p +&, i=12,..,n
- - - - h - .
where Y, is the value of the response variable in the i observation; By By B, aTE
parameters; X, , X;,,..., X; , are the values of the independent variables in the observations; ¢; is

an identically independent random error term that follows the Gaussian distribution of mean of

zero and variance of o°.
Consider the two linear regressions for the two subsets of the data modeled separately:

YO =Y+ UK+ X+, =12,k
@ _ p@) (2) 2 @ i_Kk* *
YO =B+ XK+ BIX e, i=k +Lk +2,...0

The Chow statistic is used to test the null hypothesis of no change point k”

. 1 2 1 2 1 2 H H H
Ho: B9 =2, % = p2,..50 = g2 with the assumption of same variance

Var(s") =Var(e®). The Chow test statistic is computed using three residual sums of squares

errors as.
. K2 noA@2)2
dei-d(e )= D (&)
i=1 i=1 i=k"+1
p
I:chow = K 12 n 2)2
(Z(&'i )+ Z (8i )]
i=1 i=k"+1

(n—-2p)
The above methods detect a possible change point in the time series. Once the change
point is detected through the test, the time series dataset is divided into two intervals. The

intervals before and after the change point form two homogeneous groups that take
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heterogeneous characteristics from each other. Recursively, multiple change-points can be
obtained under the binary segmentation method with the null hypothesis Ho described above
such that @ changes in the parameters are assumed, where @is a known integer. The alternative
hypothesis can be expressed as:
H g =...= Hho # Mg = oo = M # e ) = o= e # [l == [y where the integers
1<k; <k, <...<k, < nare series of change points. The binary segmentation method

works as follows:

First, use the change-point detection test, if Hy is rejected; then find ki (the time where

the maximum of L, or F

chow

is reached).
Next, divide the random sample into two subsamples: {Xi 1<i < 121} and
{Xi :I21+1<i£n}.

Third, recursively test subsamples for further changes until no subsamples contain further

change points. If exactly 6 changes are found, then one rejects Ho and accepts H..

As discussed previously, the methods stated above need to determine the number of
change points beforehand. It is difficult to know how many change points exist before
knowledge extraction in data mining. Therefore, the methods are not usable directly in data
mining techniques. On the other hand, these algorithms are not suitable for processing time

series data online.

Keogh [79, 80] undertakes the extensive review and empirical comparison of all

proposed techniques, including Sliding Windows algorithm, Top-Down algorithm and Bottom-
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up algorithm, on the online time series data mining. The sliding windows algorithm allows a
segment to grow until it exceeds some error bound. The process repeats with the next data point
not included in the newly approximated segment; the top-down algorithm partitions the time
series recursively until some stopping criteria are met; and the bottom-up algorithm starts from
the finest possible approximation and merges segments of time series until some stopping criteria
are met. The sliding window algorithm can’t look ahead and lacks the global view of its offline
counterparts. Although the bottom-up and the top-down approaches produce better results, they
are offline and require scanning of the entire data set, thus making it impractical or even
unfeasible in a data mining context, where the data are in the order of terabytes or arrive in
continuous streams. The authors proposed the Sliding Window and Bottom-up (SWAB)
algorithm to capture the online nature of sliding windows and retain the superiority of Bottom-up
algorithm. The authors claim that the SWAB algorithm scales linearly with the size of the

dataset,requires only constant space, and produces high quality approximations of the data.

Chu [81] further summarized the time series segmentation using sliding window
techniques to detect nonstatinarity based on parameter fluctuations and change point localization.
Chu classified the sliding windows techniques into the following four identification schemes:

A fixed reference window and sliding testing windows; e.g., the reference model is

identified in a fixed window of size h, and a sequence of test models is identified
from sliding testing windows of the same size

+«»+ Growing reference windows and sliding test windows, e.qg., reference models are

updated in such a way that the reference window is always adjacent to the test

window of size h.
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s A fixed (Global) reference window and growing test window, e.g., the reference
model, is estimated from the whole sample, and the sequence of test models is
identified from test windows of increasing size.

% Growing reference windows and shrinking test windows, e.g., a sample split point k
is used to determine the location of the reference window (containing all the pre-k
observations), and the test window (containing all the post-k observations) such that
the size of reference and test windows always sums up to the size of the whole
sample.

According to Chu, only the first two methods permit online segmentation, while the last two do

not. Based on the analysis of the asymptotic properties of the first two algorithms (FSW and

GSW) based on AR model. The author concluded the following findings [81]:

% When the time series exhibits autocorrelation, the choice of the window size is not
crucial in the sense of controlling the false alarm rate. On the other hand, if the time
series is strongly auto-correlated, the FSW seems to have better size performance
than the GSW.

+«+ Segmentation with a larger window size performs better than with smaller window

size, provided that the reference window is not contaminated.

+« FSW is more powerful and accurate than the GSW when the change point is located
near the end of the first reference window

+«+ Localization accuracy deteriorates as the change point moves toward the end of the

sample.
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Li and Yu [82] discussed an optimization method to estimate a piecewise polynomial
function with unknown change-points. A piecewise function is expressed by the addition of
some absolute terms on which a piecewise regression model is then formulated based on these
terms to minimize the estimation of errors subjected to a number of change-points. By utilizing a
modified Least Absolute Deviation linear programming method, the algorithm estimates the
piecewise regression with automatic change-point detection without pre-specifying the positions
and number of change-points. The authors also pointed out that the computation burden is high
as more 0-1 variables are involved. Yu and Li [83] further explored the general fuzzy piecewise
regression analysis with an automatic change-point detection. The fuzzy piecewise possibility
and necessity regression models are employed when the function behaves differently in different
parts of the range of crisp input variables. The proposed method can deal with outliers by
automatically segmenting the data. The result obtained is the global optimal rather than the local

optimal by means of employing the mixed integer programming.

Kumar and Wu [84] presented an integrated identification procedure for change-point
detection based on fuzzy logic. The membership function of each datum corresponding to the
cluster centers is computed and is used for performance index grouping. The authors also
suggested tests of the change in level and the change in slope for testing a hypothesis about
change points. According their research, the algorithm based on the fuzzy entropy works more

effectively than other techniques such as MPAGE and CUSUM methods.

Raimondo and Tajvidi [85] proposed peaks over the threshold model for change-point

detection using wavelets. This method detects discontinuities in an otherwise smooth curve or
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even in the presence of noise by checking the absolute value of wavelet coefficients. The
authors combined wavelet methods and extreme value theory to test the presence of an arbitrary
number of discontinuities in an unknown function observed with noise. This research suggested
that lower frequencies should be used to detect change-points in case of heavy-tailed

perturbations.

Wu, Salzberg and Zhang [49] presented a piecewise linear representation of the time
series data. A tiered online segmentation and pruning strategy was adopted in the algorithm.
The piecewise linear representation uses pre-processed time series before mapping into raw time
series, in which pruning on the line segments with criteria based on the raw data stream was
performed. The segmentation algorithm uses a sliding window with varying sizes. This rule-
based pruning was performed to determine more than localized optimization of segmentation in a
given time series. In this research, one finding is that the linear representation algorithm exits
potential delay in response to online data; the second finding is that the threshold decision

requires some trial and error, which makes it difficult to handle parameter drifting time series.

Most of the previous research for the change-point detection focused on the finding of
unknown change points for the past, not on forecasting the future or dealing with the time series
in an off-line approach; most methods discussed before also require strict assumptions on
statistical distribution of data or residuals. As more requirements and needs arise in order to
analyze time series data in real time, it is more promising to develop an algorithm that can handle
time series data online with fewer restrictions on data and data distribution. The structure change

defined in the dissertation sounds natural, and depends on its formalization, especially the way it
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formalizes an adaptive cognitive system. In the research, each structure change corresponds to
an event defined in the dissertation. This temporal pattern is expressed by dynamic gray systems,
and its characteristics are fully utilized during the temporal pattern discovery by using these
dynamic gray systems. In the following chapter, a dynamic adaptive cognitive whitening system
— adaptive gray system — is introduced and discussed in detail on how the system is whitened and

cognized.

Similarity Matching

Similarity matching in time series data mining poses the problem of solving questions
such as finding all time series in the database or in data sets that are similar to the query series.
There have been many research efforts targeted to similarity searching and matching. Similarity
matching and searching are very useful in their own right as tools for exploring time series data
sets, and also provide an important subroutine in many knowledge discovery and data mining
applications such as clustering [86], classification [87], and mining of association rules [88].
Many different similarity measures have been developed by researchers to identify the
similarities among time series. In this section, in order to facilitate our discussion later, the
Euclidean distance measure is used as an example. The summaries of recent researches on
similarity matching are also included. Our event-driven approach for time series similarity

measure that considers these internal structures of time series will be discussed in a later chapter.

Humans are adept at recogizing the similarities between time series by simply looking at
their plots. Such knowledge must be encoded in the computer if we want to automate the
detection of similarity patterns among time series. In general, given any pair of time series, their

similarity is usually measured by their correlation or distance. If we treat a time series as high-
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dimensional points, which in time series they are, the Euclidean distance appears to be a natural
choice for distance between time series. The Euclidean distance is defined as:

Given two time series sequences X =X, X,,..., X, and Y =Y, Y,,..., ¥, with n=m, their

Euclidean distance is defined as:

n

D(X,Y)= Z(Xi _yi)2

i=1

We define that the two sequences X and Y are in 5-match if D(X,Y ) is less than or equal
to 6. We define n-dimensional distance computation as the operation that computes the distance

between two sequences of length n. Basically, there are essentially two ways this data might be
organized [89]:
% Whole sequence matching: In whole sequence matching, all the time series that are
assumed to be comparable are of the same length; the query time series q is of length
n as well. The Euclidean distance between the query time series and any time series
it is to be compared with can be computed in linear time. Given a query threshold 3,

the answer to a whole sequence similarity query for g is all the time series in the data

set whose Euclidean distances from q are less than the threshold 3.

X/

% Subsequence Matching: Here the time series in the data set can have different lengths.
The lengths of these candidate time series are usually larger than the length of the
query time series. The answer to a subsequence query derives from any subsequence
of any candidate time series whose distance with q is less than 5.

Shasha and Zhu [90] pointed out that the Euclidean distance measure is not adequate as a
flexible similarity measure between/among time series because:

+«+ Two time series can be very similar even though they have different base lines or

amplitude scales.
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 The Euclidean distance between two time series of different lengths is undefined
even though the time series are similar to each other.

s+ Two time series could be very similar even though they are not perfectly
synchronized. The Euclidean distance that sums up the difference between each
pair of corresponding data points between two time series is too rigid and will

amplify the difference(s) between time series.

Faloutsos, et. al., [91] summarized highly desirable properties for the similarity search as

follows:

>

It should be faster than sequential scanning

R/
%

R/
X4

The method should require a small space overhead

L)

R/
°

It should be ‘correct’

>

The method should be able to handle queries of varying length

R/
%

However, Euclidean distance is a good “gold standard” for comparing different

approaches [89].

The most direct approach to solving the similarity matching in time series is to compute
the Euclidean distance between the query time series and all the candidate time series, meaning
that only those whose distance is less than 6 are selected for the final result. This approach
scales poorly because the computing time increases linearly with the size of the database. A time
series of length n can be considered as a point in n-dimensional space. This suggests that time

series could be indexed by Spatial Access Methods (SAMs) such as R-tree and its many variants
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[92]. However, most SAMSs begin to degrade rapidly as the dimensionality increases. A realistic
query can easily contain 20 to 1,000 dimensions per series. In order to use the advantages of

SAMs, it is necessary to perform dimension reduction.

There are two basic strategies to cope with high-dimensional problems. The first is
simply to use a subset of relevant variables to construct the model. That is, in other words, to
find a subset of p’ variables where p’<<p. The second approach is to transform the original p

variables into a new set of p’” variables, where p’’<<p.

Researchers have made many efforts to reduce the dimensionality of time series while
increasing performance of similarity matching. The original work by Agrawal, et. al., [24]
utilizes the Discrete Fourier Transform (DFT) to perform the dimensionality reduction on the
data, and then uses spatial access methods to index the data in the transformed space to speed up
whole sequence similarity searching process. Faloutsos, et. al., [91] extended the work of
Agrawal further to perform subsequence similarity matching using a Discrete Fourier
Transformation. The idea of Faloutsos, et.al., is to map each data sequence into a small set of
multidimensional rectangles in feature space; then, these rectangles can be readily indexed using
traditional spatial access methods, like R-tree. A sliding window over the data sequence was
also used to extract features. Moon, et.al., [93] uses a generalized window to reduce false
negatives (from Faloutso’s method) due to a lack of point-filtering effect. The general match
method divides data sequences into generalized sliding windows and the query sequence into
generalized disjoint windows to reduce false dismissal. The authors also proposed a method to

estimate the optimal value of the sliding factor that minimizes the number of page access.
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Because of its efficiency, wavelet transform is also used for feature extraction functions.
Chan and Wu [33] proposed to use Haar wavelet transform for time series indexing and showed
that Euclidean distance is preserved in the Haar transformed domain while no false dismissal will
occur. The research also showed that the Haar transform outperforms DFT. Also, the method
accommodates vertical shift of time series. Gilbert, et. al., [94] presented techniques for
computing small space representation of massive data streams using wavelet-based
approximations that consist of specific linear projections of underlying data. By capturing
various linear projections of the data and using them to provide pointwise and rangesum
estimation of data stream, the method uses only a small amount of space and per-item time as
well as providing accurate representation of data. Huhtala, et. al., [31] proposed using a wavelet
transformation of a time series to produce a natural set of features for the sequence in order to
mine similarities in aligned time series. The features generated by wavelet transformations
describe properties of the time series both at various locations and at varying time granularities
such that they are insensitive to changes in the vertical position, scaling, and overall trend of the
time series. The authors also examined how the similarity between time series changes as a
function of time or as a function of time granularity. For more details of DFT and Haar wavelet

transform, please refer to the Chapter 2 discussion of frequency domain time series analysis.

Wu, et. al., [95] compared the feature vector extraction using Single Value
Decomposition (SVD) and DFT. The results showed that the SVD overall outperforms DFT in
cases of a given query for a large number of neighbors or those which address a large radius.

SVD also provided the best linear least squares error to data ratios. Korn, et. al., [96] proposed
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SVD with Deltas (SVDD) based on SVD algorithm that supports ad hoc queries in large time
sequence datasets. The SVDD algorithm achieves excellent dimensionality reduction and

requires only three passes over the dataset while preserving distances.

Piecewise Aggregate Approximation (PAA) [97, 98] method was also proposed in the
time series representation with dimensionality reduction. The PAA method reduced the data
from n dimensions into N dimensions by dividing the time series data into N equi-sized “frames”.
The mean value of the data falling within a frame is calculated, and a vector of these values
becomes the data reduced representation. In general, the transformation produces a piecewise
constant approximation of the original sequence; see figure 3.3 [97, 98]. Keogh, et. al. [99]
further modified the method and proposed adaptive piecewise constant approximation (APAC).
APCA approximates each time series by a set of constant value segments of varying lengths such
that their individual reconstruction errors are minimal. The authors showed how APCA can be
indexed using a multidimensional index structure and proposed two distance measures in the
indexed space that exploit the high fidelity of APCA for fast searching: a lower bounding
Euclidean distance approximation, and a non-lower bounding, but very tight Euclidean distance

approximation.
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Figure 3.3. Piecewise Aggregate Approximation representation of time series

New distance measures , such as dynamic time warping,[90, 100] and longest common
sequence[101] are also explored by researchers. Dynamic time warping algorithm allows
stretching or squeezing time axis in the matching the similarity of time series. The method
proposed by Das[101] also takes into account outliers, different scaling functions, and variable
sampling rates while measuring the similarity between two time series. Wu, et. al., [102]
proposed a comprehensive solution for analysis, clustering, and online prediction of respiratory
motion using subsequence similarity matching. In the system, a motion signal is captured in real
time as a data stream and is analyzed immediately by a piecewise linear representation generated
by a finite state model to capture the relative importance of amplitude, frequency, and proximity

in time.

There are extensive researches in the search for similarity in data streams. Some recent

papers include [16, 103-111]. When dealing with data stream, traditional methods for time series

are inefficient. Although the dimensionality reduction methods are very costly, they are applied
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only once. The index methods are static because the index is constructed only once. Therefore,
in order to utilize the advantages provided by the traditional methods, the dimensionality
reduction methods must be applied each time a value arrives, and the index must be updated each
time a value emerges. The research cited above adopts the incremental approach to reducing the

computation time needed, or to incrementally maintain stream statistics over data streams.

Most research on streams still focuses on basic statistics and on how to define and evaluate
continuous query. Also, the studies do not address these feature points that are important to
human cognition and perception during the clustering or similarity matching. Current research
also does not concern relative position of corresponding end points in the time series in the
selected distance measures. Even though the best distance measure can depend on the dataset,
task, and user, it is still possible that the “best” distance measure to use and change when the user
interactively explores a database or data sets. In our research framework, an event-driven
similarity matching algorithm is proposed. The algorithm is especially for online data stream
processing and similarity matching, and the internal structures of time series are considered
during the similarity marching. There is also no need to maintain incremental statistical
maintenance over time. In the proposed algorithm, it also can handle both online data streams
and off-line time series data. We introduced an cognitive dynamic system model that identify the
structural changing points in the time series adaptively to capture internal structures of time
series as well as to reduce the dimensionality of time series. Based on the structural changing
points identified, a new distance measure, which addresses relative position of the corresponding

data points, is introduced and used for time similarity matching and clustering. The detailed
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algorithms are introduced in Chapter 5 after the introduction of dynamic system gray model

presented in Chapter 4.
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CHAPTER 4
DYNAMIC SYSTEM AND GRAY MODEL

Basically, a dynamic system may have any precise form of representation or any definite
mathematical form [8]. A dynamic system evolves though time according to given evolutionary
rules. Most common dynamic systems are represented mathematically in terms of differential
equations that provide the element of dynamics when we consider mining information to assess
the structural change. The information reflected by the change of structure in the time series is
generated by the operation of the dynamic system that generates that time series. A dynamic
adaptive cognitive system is needed to act as an intelligent cognitive process designed to identify
these changes in order to mine this structural change information. On the basis of the cognitive
process, a diagnostic set of statistics is defined to detect structure change in the system proposed.
In the following sections, a general static gray system that is modified later to serve the need of
the cognition process is introduced and discussed in detail, and later an adaptive rolling dynamic

gray model method is discussed and used in the research as a cognition system.

Gray Systems and Gray Model Review

The gray system theory is based on the assumption that a system is uncertain and that the
information regarding the system is insufficient to build or construct a model that will depict the
evolution of the system exactly. The gray theory was initially presented by Deng[11, 12, 112] in
1982. The gray forecasting model adopts the essential part of the gray system theory and has

been successfully used in finance, physical control, engineering and economics [113-117].
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The gray model comes from the control theory that was established by a mathematician —
Wiener [118]. Wiener proved that the self-adjustment mechanism between adjustment of
machine and self-adjustment of biology was same. Control theory breaks the limitation between
the animal and machine, and is used in many fields, such as engineering control theory,

economical control theory, management control theory, etc.

Wiener first proposed the ‘black box’, which is the system defined by the fact that its
internal structure, characteristics, and parameters are unknown (See figure 4.1.). However, when
a system is being studied, the human observer(s) and the system (black box) couple together to
form a machine with feedbacks. Based on different input, many shadow boxes will be obtained,
as well as many possible outputs that might affect the methods of experiment. Information
relating to the box will be obtained via study of input and output, and the mechanism of the
‘black-box’ can be somehow whitened. In contrast to the black box, in a white box, everything is

known.

The gray system is an extension of the black box concept (see figure 4.2). According to
the concept of the black box, a system, containing both known and unknown information is
called a gray system. For example, the human body, economy, agriculture, etc., are gray
systems. The aims of gray system theory are to provide theory, techniques, notions and ideas for
resolving or analyzing latent and intricate systems [12]. The essential contents and topics of gray
system theory encompass the following areas : gray relational space, gray generating space, gray

forecasting, gray decision making, gray control, gray mathematics, and gray theory.
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Knowledge acquiring procedure is based on converting information that is black into a
form that is a human understandable and controllable format, which is white or gray. This is the
procedure that converts black into gray or even into white. The process is called the whitening
procedure. It is also a procedure through which the new knowledge, hidden pattern, or
information is discovered. In natural science or social science, not all systems can be completely
whitened during a study. Some mechanisms of the system can be understood precisely and
accurately; for example, the relationships among electric resistance, electric current, and voltage
can be expressed exactly by formulae in physics under certain conditions. However, in most
cases of social, ecological, economical, and agricultural science, only partial information can be
whitened; for example, in the economical supply and demand curve, researchers somehow
understand the relationship between these factors, However, only partial information can be
studied and converted into gray or white states because of the incompleteness of information,
such as the psychological elements, behavior, etc., of the mass market. In general, the
understandability in depicted in the white box is complete, while the gray box is partial , and the
black box is nothing; i.e., white box >> gray box > black box.

From the aspect of predictability, the black box is unpredictable in general. the
predictability of the gray box is greater than that of the black box, and the white box has a very

good level of predictability.

Stitnulus 'l R esponse ll

Figure 4.1 Black-box model
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The gray model is the core of the gray system theory. It is the basic of gray forecasting,
gray decision-making, and gray control. The gray model is the model that fits with differential
equations based on a gray module (the module is the zone formed by the continuous curve or
asymptotic curve of a series related to a time axis on a time-data plane). The establishment of a
gray differential equation involves a procedure that uses a series to approximate the ordinary
differential equation. A dynamic model with a group of differential equations called a gray

differential model is then developed according to Deng [12].

EK1nowil
Input Gray Expressed

Output }

Figure 4.2 Gray-box model

The gray model has been used successfully in geography, hydrology, management,
engineering, agriculture, ecology, medicine, and social science because of its computational
simplicity and effectiveness [12, 13, 119, 120]. The advantage of the gray predicting system is
that only a few discrete data are sufficient to characterize an unknown system that is depicted by
a first-order or higher-order differential equation. Thus, the gray predicting system is suitable for
predicting a system in which only limited historical data are available and a quick and reliable
resolution is needed for the decision-maker’s reference. The gray theory avoids some inherent
defects of conventional statistical methods such as regressive analysis or traditional time series

analysis that require certain constraints on the data.
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The gray prediction system uses a gray predictor to anticipate the system behavior and
feed predicting information back to the decision-making mechanism to indicate an appropriate
control action. This involves three basic procedures:

e Accumulated generation operation (AGO)

¢ Inverse accumulated generation operation (IAGO)

e Gray modeling

The gray prediction system uses accumulated generation to build differential equations.
The gray model (GM) is often expressed as GM(n, h), where n is the order of the differential
equation and h is the number of variables. The most commonly used gray model is GM(1,1)
model, which is the first-order differential equation on one variable. Another commonly used
approach is the GM(1, N) model, which is the first order differential equation on N variables.
The following sections will discuss in detail how to build a gray model of the first order on one

variable.

GM(1,1) Model

The algorithm [12] that builds a first order one-variable gray model is summarized as
follows; this algorithm can predict the value of x“(n+i), where i is a positive number, and n is

the number of data points used to build the gray model.

Step 1: The initial time series is
x® = {x”@),x”(2),..x" (n)} (1)
where x (i) is the time series data at time i, for i=1,2,...,n.

Step 2: Based on the initial time series x”, a new time series x® is generated by the first
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accumulated generating operation (1-AGO).

wherex” = {x®1),x"(2),...x*(n)}. The x® (k) is derived as follows:

K0 = Y x) @)

Step 3: Assume that x® can by modeled by a first-order differential equation:

OO oty = @3)

where a and b are constants, the parameter a is called the developing coefficient, and b is the

gray input.

Step 4: Discretize to obtain the parameters a and b by using the least-squares error method to

establish GM(1,1) prediction model, so that we have

E
A= b} = (B"B)*B'Y, (4)

[ _05(xP M) +xP(2), 1

_ @ @
8- 0.5(x™(2) + x(3)), 1 (5)

| -0.5(x?(n-1)+xP(n)), 1

Y, = (x?(2),x”(@3),.... xO ()" (6)

Step 5: From (2), the initial condition for x is x® () = x (1) . Then the solution of ordinary
differential equation (3) can be obtained

o _9 0 _9 —ak 7
RO (k+D) =2+ (<O (1) - De (7
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where X” (k +1) is the predicted value of x(k +1) at time k+1. Hence, the predicted data for an

original time series can be obtained via inverse accumulated generation operation (IAGO)

process as

2O (k +1) = x¥ (k +1) - x© (k)
(0) b ay,—ak
=(x" () -—)1-e")e 8
a
The predicting value of x (k +i) can be calculated by
0 H 0 b —a(k+i+1
Xk +i) = (x9@Q) -—)(1-e*)e 2k 9)
a

In the algorithm, only small amounts of data are needed to estimate the two parameters in

the model for prediction.

Fourier Residual Correction GM(1,1) Model

Although the gray model has outperformed some well-known modeling methods in our
research [121], its modeling accuracy may not be very high. There have been many other
methods proposed in the literature to increase the accuracy of the gray prediction by modeling
the residual of the prediction. Most of them use multiple-order AGOs [12]. In order to illustrate
the wave and cyclic behavior of financial time series, Fourier series to model the residual of gray
model had been explored.[116]. Because of its good performance of modeling the residual of the
gray model, we will adopt this technique to improve the GM(1,1). The algorithm can be
described as follows:

Let the residual time series R, be defined as
R ={R.(2.R (3),.R (MY
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where
R.(k) = x(k) - x(k), fork=2,3,...,n

Assume that residual time series is described by discrete Fourier series as:

ka
R.(k)=a,/2+ ) [a cos(2zik/T)+b,sin(2zki/T)]

where T=n-1,and k, = L(n —1)/aj —1. The parameters ao, a; and b; for 1i=1,2,...,k, can
be estimated by the least-squares method. The coefficients ayp, aj and b; for i=1, 2, ...k, can be

estimated as C=(M"M)*M'E,, where C :[ao,ai,bl,az,bz---aka,bka]T and M

1 27w %2 . (27x2 27 x2%2 . [ 27x2x2 2w x2xKk, - (2zx2xk, )]
— COS sin cos sin .. COS| ———| sIn| ———
2 T T T T T T
1 27 %3 . (27x3 27 x3x2 . (27rx3x2 27w x3xK, . (27 x3xKk,
— COs sin cos sin .. COS| ——— sn| ——
M=|2 T T T T T T
1 27 %N . (27xn 2T xNx2 . (2rxnx2 (Zﬂ'ankaj . [Zﬂankaj
— COS sin cos sin .. COS| ———| sin| ———
| 2 T T T T T T |

The new Fourier-corrected residual gray model can be rewritten as:
~(0) ~(0)
X (k+)=x (k+1)+R (k+1) fork=2,3,...,n,..

with the initial condition being x(1) = x® (1).

Modified GM(1,1) Model

What has been done so far to improve on the gray prediction model is to take the first
term of x® as the initial condition of the first ordinary differential equation, thereby
incorporating the error terms to the model, or, alternatively, to optimize the parameters via other

methods. In the time series date, if data value is the reflection of information, then new

information contained in terms other than the first term of xis more significant; i.e., the recent
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value x® (n) is of greater interest to the researchers. In our newly developed gray model, we

chose the n™ term of x® as the starting condition to solve the gray differential equation.
Therefore, the new information is more adequately incorporated into the gray model; as a result,
the accuracy of prediction should be improved and residual errors should decrease
correspondingly. Theorem 4.1 proves our assumption and gives the formula to for creating the

gray model.

Theorem 4.1 Assuming that A, B and Y are the same as the algorithm in the gray model,
the following statements are true:

Q) The discretized solution of the first-order differential equation

——~+ax?(t)=b

dx® (t)
dt

at the initial value at x® (t)L_n =x®(n) is

x® (k) = (x (n) —E)e’a(k’”) +9
a a

(i) The original raw data can be restored as
2 @ by, a —a(k-n)
X (k+1)=(x"(n)——)(e™® -1e
a

Proof:

Q) The general solution of the first-order ODE

(Y]
PO, a0ty =b is
dt

b _ .
x® (t) ==+ce ™, where c is a constant.
a
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Assume that the initial condition x® (t)Lfn =xP(n) holds true, and substitute the value
into:

b _
xP(t)==+ce™ , we have
a

x® (n) = L
a
solve for ¢, we obtain
(1) b an
c=(x"(n)——)e
a
so, the final solution of the ODE is
x®(t) = (x® (n) —E)e‘a“‘”’ +E
a a
Using t=k to discretize the equation solution, we have
b

X(l) (k) _ (X(l) (n) _g)ea(kﬂ) + E (2)

(i) It is trivial that the raw time series can be obtained from the inversed

accumulating generation operation (IAGO), where
X (k+1) = x® (k +1) - x® (k) substituting the values from prove (i), we have:
3 (k+1) = (O () - e * Dyt
a

In the equation above, for k>n, the calculation will produce a forecasting value based
mostly upon on the newly generated information that has been reflected in the time series

movement.
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Adaptive Rolling Gray Model Method

As discussed in chapter three, a temporal pattern extends over a time period. The
temporal pattern can be identified by its characteristics such as temporal order and time duration
Therefore, a short-term memory is necessary to accommodate the inherent dynamics of temporal
pattern. In general, a human short-term memory has a limited capacity (7+2)[52]. This pattern-
based short-term memory decays over time corresponding to the decay theory of forgetting in
human short-term memory. Theoretically, time information can be precisely recovered from the
current value. However, due to rapid decay and noise, only a limited number of the most recent
items can be reliably discerned from short-term memory. Therefore, a sliding window algorithm
was adopted into the gray model building procedure in order to discover the temporal pattern and
dynamics of the system. The gray model is able to have a dynamic allocated memory for the

current structure that the dynamic system is on.

The sliding window algorithm is illustrated in figure 4.3. Let’s assume that the time
series data has N numbers of data points. Assume that each window contains W, data, and that
each slide of window will move N, points to form the next window, whcih contains W, data. Let

W, W,,...,W, be the series of windows formed by the sliding window technique. The

determination of each window size and the N, will be discussed in a later chapter, because it
closely relates to the goal of mining and the structure change. The memory size required depends

upon which way the structure change is defined.
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| Windows W1 I
L I Windows W2 I

I Windows Wk I

Figure 4.3. Sliding Window Algorithm Concept

For the purpose of simplification, let’s assume that each window size is fixed with data
size of N; and say that N;= 4 and N = 1 to illustrate how a dynamic rolling window gray model
is built (see figure 4.4). The dynamic sliding window gray model algorithm is explained as
follows:

Assume that there are N original data:

X ={XO@),X(2),X@),..X"(n)}

After extrapolating % © (n+1), slide the window the first time at N,
Remove X © (1) and add the newly obtained data point X (n+1), resulting in a new

series: X © ={X?(2),X?(3),... X (n+1)}

. . - . . : (0)
which still maintains the series of size N; next, continuously extrapolate X (n+2); then

slide the window a second time, and analogize from this information..

71



Original Data: [ J0°/(1, 0°(2), (3,0 (4)]

Forecasted Walue

Criginal Data: | X '(2), 0" '(3), X*(4), X" (5]

Forecasted Walue

Criginal Data: (A" '(3, 2" '(4), X"'(5), X'(6)]

Forecasted Walue

Figure 4.4. Example of sliding window algorithm with fixed window size of 4

Model Evaluation Methods

There are many ways to evaluate the forecasting performance of a model, ranging from
directional measures to magnitude measures to distributional measures. The selection of
evaluation criteria for forecasting techniques was conducted by Yokum and Armstrong [122].
Accuracy was their most important criterion, followed by the cost savings generated from
improved decisions. In particular, execution issues such as ease of both interpretation and use

were also highly rated.

Three measures of magnitude were incorporated into the research. The first measure is
the mean square error (MSE), which measures the overall performance of a model. The

calculation for MSE is

MSE = %Zn:[x(k) —X(K)
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where ;<(k) is the predicted value for time k. x(k) is the actual value at time k, and n is the

number of data used for prediction.

The second measure is the mean absolute error (MAE). It is a measure of the average

error for all points and is computed as

MAE = %Z x(k) - i(k)‘ (14)

where the meaning of the ;<(k) and x(k) is as MSE.

If we express the MAE into percentile format, we call it Mean Absolute Percentage Error
(MAPE).

n

MAPE :32
ni=

x(k) - x(K)

© (15)

The definition of ;<(k) and x(k) is the same as that of MSE. MAPE is the more objective

statistic indicator because the measure is in relative percentage and will not be affected by the
unit of the forecasting series. The closer MAPE approaches zero, the better the forecasting
results. According to Lewis [123], the performance of the model is categorized in Table 4.1:

Table 4.1. Performance measure by MAPE

MAPE (%) Performance

<10 High precision forecast
10-20 Good forecast

20-50 Reasonable forecast
>50 Imprecise forecast
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Although these three measures are fairly accurate for deriving the deviations of the
predicted values from the actual values, they do not provide much information about the power
of the models in predicting the turning points or direction of the predicted value. For many
applications of time series analysis, the direction is as important as the magnitude; e.g., in the
financial market, traders and analysts market direction and turning points besides the value of
predictability. In these markets, money can be made simply by knowing the direction in which

the time series moves. A correct directional prediction requires that
sign(;((k +1) — x(k)) = sign(x(k +1) — x(k))
where x(k) is the time series data point at time k, x(k +1) is the time series data point at

time k+1, and §<(k +1) is the estimated time series data point at time k+1. Therefore, the

direction accuracy (DA) is computed as

n
2.8
i=1

DA =

S|

where

o LI Ok +D) = x()(x(k +1) = x(K)) > 0
' 0, otherwise

This means that a; takes the value 1 if the actual change and the predicted change have
the same sign and O if they have opposite signs. If (S, — Si)(§i+l —S,) >0 for all i, then the

value of DA will be 1, implying that the model predicts the accurate change on all occasions.

Theil’s inequality coefficient [124] measures the forecasting power of a model relative to
the random walk model. This relationship is calculated by dividing the RMSE of the model by

the RMSE of the random walk model. Hence,
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n—14

1 2
= N'(S.. —S.
\/n—l i:l( i+1 |)

The denominator is calculated from the actual change in the exchange rate between i and

13 a
\/ (Si+l - S”l)z
U= =

i+1. The numerator is derived from the difference between the actual change and the predicted

change, which results in
(Sin—S)- (§i+1 -S)=(S;,,— §i+1)

where (S,,, —S;) is the actual change and (§i+1 —S,) is the predicted change. Another version of

i+1

Theil’s inequality coefficient is based on relative changes. Hence it is calculated as:

1 : S —§i+1
\/ Z( i+1 )2
-1 S
u-="

i=1 i

1N Si+1_Si2
\/n—liz_l“( S )

The implications of the numerical values of U are as follow:

Value Implication
u=0 The model produces perfect forecasts
O<U<1 The model provides less than perfect forecasts but out

performs the random walk model

u=1 The model is as good as the random walk model
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CHAPTER 5
FUNDAMENTAL TIME SERIES STRUCTURE MINING
This chapter details fundamentals of the time series structural change mining framework.

After reviewing the goal of structural change mining, we discuss the framework. The chapter
presents a framework based on the dynamic sliding window gray model that serves as a
cognitive system to whiten the operating mechanism that generates a time series. The structural
change is monitored based on the defined distance measure between the generating system and
the cognitive system. When a sequence of structural change points are identified, a similarity-
matching algorithm can be performed based on the reduced dimensionality, where the original

time series is represented by a series of important structural change points.

Frame the TSDM Goal

In our research framework, the goal of the time series data mining is to identify a series
of structural changes of operating mechanisms during the evolution of a time series in an online
fashion; i.e., as a new data point arrives, a sequence of structural change points will be identified
based on the cognitive model that dynamically identifies structural changes. In order to
dynamically whiten the operating mechanism that generates the time series, a dynamic sliding

window gray model acts as a cognitive function that has an adaptive short memory.

When a sequence of data can be broken into structures with observations that within each

structure the data present homogeneous results, and between structures the data present
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heterogeneous evidence.. This is especially true when the parameter shifts during the time series
generating operations. In order to identify the changes in structure, several issues are involved:
the choice of boundaries for changes in structure, how to cope with newly arrived data points,
and what memory size is: i.e., how large the window should be during the dynamic cognitive

model moving process.

Determine Temporal Structure Repulsion Factor

In order to identify the structural change via a cognitive model, distance measure is used
to estimate the difference between the cognitive models as the new data point comes. Let’s
define a hypothetical cognitive model before change as a reference model, and a cognitive model
after change as a test model. The questions underlying the structural change are: first, how to
identify the reference and test models; second, how to measure the difference between the two
models; third how to define a threshold of difference between these two models that can generate
results that can be best explained by these models; forth is how we are going to measure and

compare our structural changed discovered via different thresholds.

The first question is which model is going to be used to produce the time series, because
the both the models before and after change are typically unknown. The second question is how
we can identify the changes from the model we selected. In our research, the dynamic gray
model is deployed to serve this purpose of modeling because of its ability to obtain the
underlying mechanism of system operations and its power to whiten black information, which is
unknown, into a certain level of gray. Thus, the information discovered can be partially

explainable by gray numbers and models leading to white information. In order to discover the
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changes, we introduced dual-model system — reference and test models to fully utilize the

information whitened, accuracy, and precision provided by the dynamic gray model system.

We can reformulate the second question as follows: assume at current time t, where the

newly identified data point is x,, the closest recent structural change point to time t is at time c,
and we need to decide whether newly arrived value x, is a new structural change point; i.e., our
cognitive system identifies a ‘shock’ or ‘surprise’, the internal structure of time series changes.

If t is a structural change point, then the series X, = (X., X..;,--» X1, %) Will be split into two

series Xy = (X;, Xeupree0 %) @and X, =(x,).

Lemma 5.1: For all x e X , where X is vector presentation of time series, there exists an
asymptotic model W, such that the residual series
e=X—X
follows the normal Gaussian Distribution.
Proof:
The proof is rather trivial: for example, the most commonly used multivariable linear

regression model satisfied the requirements above.

Based on the Lemma 5.1, we have already found the gray model that asymptotically
whitens the generating mechanism of time series both as the reference model and test model
which residuals of the models follows the normal Gaussian distribution. The questions now is

how we identify the structure change, i.e., split X, into X, and X,,. As proved, that residual

follows Gaussian distribution with mean and variance such as:
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X~ N(lujldjz)i

The log likelihood of the sequence X X, forageneric u,o is

c+lr

Z{ (x|2 ; Iog(J_a)}

i=Cc+1
The maximized likelihood gives:

M (c,m) = (m—c)[1+log {W (c,m)/(m—c)} |, further redefine
M (c,m) = (m—c)log[W (c,m)/(m—c)], because the omitted term sums to a constant over the

entire sample. Let’s now consider the residual series e, = (e_,€,,,,....6;,€) and e N(0,5°).

We have the maximum likelihood M(1,m) that does not split, and M(2,m) that splits m into two
series, we define the distance measure:

=(m—2)[M(1,m)—M(2,m)]

>0,
M (2, m)

then the e will be split from m into two series. ¢ is the threshold and 6 > 0. Statistically
speaking, the d follows the F-distribution with degree of freedom of m, and (m-1), the confidence
level of 0.10, the value of F approximately lies from 1 to 10. Therefore threshold value ¢ could
be range from 1 to 10. In our experiments both with synthetic and real data, the ¢ value within

that range works well in most cases.

Search for Structural Change Points

Our approach to identify structural change points uses a sliding window algorithm that
varies size adaptively. The sliding window can initially contain the minimum m data points. The
sliding window that begins after the last identified structure change point and before ends right

before the current data point is shown in figure 5.1. Suppose the current data point is P.(x,t.),
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the previous structure change point is P, (x_,t.) , then the current point is the structure change

point if and only if the distance measure between reference model and test model d satisfies:

_(-2[M@-M@D)]
M (2,i)

d

Figure 5.1 shows an example of the sliding window after the latest structure change point
is identified as P3. Here, Pi=P13 ,which is the current newly determined data point. In the
example, we assume a minimum initial sliding window of size 5. Therefore, after the first
structure change point is found as P3, the new data continues to arrive until the initial window is
full enough to build a reference and test cognitive model; say at Pg, the sliding window is of size
6, but the distance measure reveals that there is no structure change, and data continues to be fed
into our short term memory — the size of the sliding window until the current point P13, where the
distance measure indicates that the new data P13 caused the change of the structure. Therefore,
the algorithm will mark Py, as the structure change point: i.e,. the end of the old structure and the
beginning of a new structure in the next data point. Within the data points from P3 to Py, this

structure is considered to be whitened by the cognitive gray model.

It can be noted that if a structure change point is not detected for a long time, the
computations of the models become increasingly expensive. The solution is to consider a sliding

window of a fixed size, say the last w data points of the data stream.

In our research, we have found that there exist false structural change points that are
discovered by the algorithm discussed above. Therefore, an improved algorithm that verifies
each newly structural change point detected is also proposed. This algorithm validates each

newly discovered changing point by keeping the previously segments of structure and testing
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that the distance measure between the reference and test model is still valid as the new data
comes. If the next newly arrived data does satisfies the distance measure between the reference
and test models for the new structure, then the newly discovered structural change point is
validated. Otherwise, the newly discovered structural change point is a false structural change
point per se, and the algorithm will discard this structural change and keep on reading the new
data until the distance measures between the reference model and test model is satisfied. The
algorithm that validates each structural change point is summarized as follows. By default, the
starting point is a structural change point and is validated.
For each data point arrived
If accumulated number of data points > min. window size
Build reference and test model of these data
Check whether the distance measure is satisfied
If Yes
Mark the data as not validated change point
Push the newly arrived data point into the queue of change point
Else
Continue
Else
Continue
Validate newly discovered structural change point if it is not validated
If the distance measure is still satisfied, push it back to queue
Else discard the recently discovered change point

End for
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The last question is how to evaluate the structural change points discovered so far. How
to evaluate the structural change detected helps to solve following problems. One is to test
whether the results obtained are reasonable and sound; the second is how to compare the results
obtained from different algorithms and parameters. Hawkins[68, 125] is interested in evaluating
the change-points detection based on expert judgements. In data mining area, researchers either
use human expert judgements or minimize the sum of square errors of model from each

episode[48]. The sum of square errors is defined as

K m;

[
E=>e=>>(x-f /()" , where k is the number of episodes discovered by the

i=1 i=1 j=0
algorithm, m; is the number of data points in the i episode, x is the true value of time series and
fi(x) is the estimated value from the model.

Guralnik [48] proposed that the optimized event discovery is to minimize the square error
sum. However, the square error sum has its own limitations. If we divide a time series x of size
N into N/2 pieces (i.e., each piece contains only two data points) ece), and we model each piece
according to a linear model, we could then obtain a minimized square error sum and a piecewise
representation that would be useless and nonsensical. On the other hand, if the time series
presents a horizontal line, then there should no event detected; the performance of the algorithm
is totally dependent on how well the model can describe the data. In our research, we proposed a
two-dimensional measure that compares the structural change points discovered. One dimension
is the square error of sum,; the other dimension is the number of structures discovered. The ratio
of square sum errors ranges from 0 to 1, where 0 means that the model generates no error and
could describe the time series perfectly, and 1 means that the model can’t describe the system
very well. The number of structures discovered ranges from 1 to N/2, where N is the number of

data points in the time series, and 1 means that only one structure has been discovered so far;
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i.e.,. the time series is linear. N/2 is the maximum number of structures that could be discovered

by any algorithm. The ratio of square error sum is defined as

ratio = E/Zn:(x—i)2

i=1

2

where E is defined as above and Z(x—i) is the variance of the time series. The ratio
i=1

2

n _
equals zero when Z(x— x) =0; in this special case, the time series is a horizontal line; i.e., the
i=1

time series should have only one structure.

As shown in Figure 5.2, the plane created by the dimension ratio and the dimension of
structures can be divided into four regions at any time. These four regions are marked as I, 11,
I11, and IV in the figure. The results that fall in the region IV always outperform these that fall
into these other regions such as I, I, and I1l. Region IV has a lesser ratio than that of region |
and has a comparable number of structures; i.e., the results in region IV have acquired a lesser
error factor in depicting the data. Region IV contains fewer structures than that of region 11, yet
has a comparable ratio to region Ill; therefore, the results in region IV have accomplished
modeling the data with a smaller number of structures. Comparing the results in region 1V to
these at region I1, region 1V has both a smaller number of structures and a lower ration of square
sum of errors.

Let’s further discuss the two-dimension performance measure in the following situation.

n 2
In case of Z(x— x) =0, the time series is a horizontal line. The best result is no further
i=1

structures will be detected. In the two-dimension measure, the ratio is zero by definition, and the
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performance of the results from different algorithms is decided only by the number of structures
detected; in other words, the less structure found, the better the algorithm or parameter is. If the
number of structures is n/2, where n is the number of data points, the lower the ratio obtained by
the model, the better the performance of the algorithm or parameter. In the following chapter,

this two-dimension measure is used to analyze and compare different algorithms and parameters

used in our research.

A

>

Figure 5.1 A sliding window that identifies the latest structural change point
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Figure 5.2 Two-dimensional evaluation matrix

Time Series Data Clustering

Once a series of historical events has been identified, we could perform our online event-
driven similarity matching. In this section, we discuss our definition of similarity and the

structure-driven online similarity matching is introduced thereafter.

There have been many research efforts for efficient similarity search. For example, the
researches that use Euclidean distance and its variations based on the reduced dimension of time
series [24, 33, 89, 91, 93]. Other distance measures include Dynamic Time Warping [90, 100],
Longest Common Sequence Distance[101], and Wu’s similarity measure based on permutation
[49] and model-based, multi-layer, weighted subsequence similarity measure [102]. All methods

above except Wu’s similarity measure did not address the relative position of corresponding data
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points. Unlike Wu’s similarity measure based on the relative positions defined as permutation,
our approach addresses the relative changes of each data point within the time series being

compared among time series.

Our similarity measure is event-driven; i.e., the similarity matches only consider if we
consider the data points that have been defined as the structure change points. The advantages of
this approach are as follow:

% The time series data are presented dynamically by the cognitive whitening function

% The dimensionality reduction is based on the internal structure of a time series; i.e.,

where the meaning of the time series is given and the less volatile the time series is,
the more reduction in dimensionality.

¢ It provides another means to reduce noise effect that might affect the similarity

matches and also produces more accurate approximate similarity matches.

Our similarity distance function based on the relative positions of the series of events

discovered from time series is defined as follows:

Define time series: X ={(x,,t,),(X,,t,),.... (X;,t.)} and Y '={(y;,t,), (¥z.t,),--s (¥y 1)} in Which
each has its own sequence of events discovered so far E, ={(e,,t,),(e,.t,)...., (€,.t,)} and

E, ={(e",t).(e,t,),...(e",,t'",)}, X and Y are similar if and only if they satisfy two

conditions:

% d(E,.E)<y

m—

< d(E,, Ey) = \/r_nZ_[(ewl —-e)—(e Ii+l_eli)]2 + [(ti+1 —-t)-(t 'i+l_t'i)]2
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where y >0 and is a user-defined parameter

In order to use metric distance indexing method for a faster search, we need to prove that
our defined distance measure is a metric function.

THEOREM 5.1. For event sequences E, and E, (with the same length), the distance d(E,,E,)

is a metric function.

Proof. To prove that d(E,, E,) is metric, we need to prove it is non-negative, symmetric,
reflexive, and that it satisfies the triangle inequality. Obviously, d(E,,E,)>0 and
d(E,,E,)=d(E,,E,), also d(E,,E,)=0, so d(E,,E,) is non-negative, symmetric, and
reflexive. Now we need to prove that d(E,, E,) satisfies the triangle inequality, i.e.,
d(E,,E,)<d(E,,E,)+d(E,,E)).

Given the sequences of events E, ={(e,t,).(e,.t,),....(e,. )} and

E, = {(e L), (e, th), .. (e 'm,t'm)} , we transform them into relative difference space of the

sequence of events respectively as E, to E and Ey into E’ as:

E ={(Ae, At), (Ae,, At,),..., (Ae

m-11

At ,)} and
E'={(Ae',,At"),(Ae",, ALY), ... (Ae", , At' )}

where Ae, =(e,, —€;) and Ae', =(e',,—e"). Thus, it shown that the triangle inequality is

satisfied based on the Pythagorean theorem and Euclidean space.
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CHAPTER 6
SIMULATION OF SYNTHETIC TIME SERIES MODELS

This chapter presents two time series generating mechanisms that help to analyze the
capabilities and limitations of the power of whitening and structural change detection algorithms.
The first example characterizes the smooth sine function with a constant frequency, while the
second example focuses on synthetic Mackey-Glass chaotic time series used to examine the
algorithmic ability to whiten determined chaotic system change. After discussion of these
generating mechanisms of time series, the four gray models are first evaluated based on MAE,
MSE, MAPE, and Theil’s inequality coefficient. An example is used to illustrate and compare
out cluster and similarity distance measure, which does not need to maintain statistical variables
over time. Finally, the structural change mining algorithms are then applied to these time series

separately and the results are discussed.

Sinusoidal Time Series

In this sinusoidal time series evaluation, we examine a smooth sine function with
constant frequency. This function is defined as
f (t) =asin(at) + (1—a)sin(aw,t)
where @, and @, are the frequencies of generated time series, and ais a constant. The

observed time series that is scaled up to 100 generated by the above function where

w,=271250 , w,=27/25 a=0.80 and N=100 is illustrated in figure 6.1. As stated in

Chapter 5, the final goal of structural changes mining is to identify these structural changes, such
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as a dynamic gray model that cannot be handled by the cognitive system, and hope that these
change in structures match with these visually important turning points that indicate the
cyclic/inteal change of internal change occurring in the time series. The perceptually important
points are indicated as ‘O’ in figure 6.1. In order to present the structure changes of the
generating mechanism, a phase space diagram is shown in figure 6.2, and corresponding

perceptually important points are circled with *“O’.

120

100 1 7

80 -

40 A

8

20

—&— Smooth Sine Synthetic Time Series

0 20 40 60 80 100 120
t

Figure 6.1. Synthetic Sinusoidal Time Series without noise

It is an easy task for the human brain to identify these perceptually important points in
figure 6.1 that are marked with ‘O’ and numbered from 1 to 8. It can be seen that in the phase
space of figure 6.2, these turning points are located at the narrow ends of the ovals. We recall

that the phase space of sine curve on x; and X1 is an oval.
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The results of structure change-mining algorithm without validation are shown in figure
6.3. (and obtained by using our algorithm with validation) are shown in figure 6.4. Because of
the constant frequency property of this synthetic time series, we use this time series to measure
the accuracy level of structure discovery. As indicated in figure 6.3, the algorithm without
validation contains two extra structural change points and misses two real structural change point
as compared to our perceptual justifications, where these changes are marked one through eight
in figure 6.1. Figure 6.4 shows that the algorithm with validation obtains only one extra
structural change point and misses one change point. In order to compare further, we use a four
cell contingency table for each category to evaluate our results, summarized in table 6.1.

Table 6.1 contingency table for structures discovered

Data that belong to structure Data that do not belong to

structure
Data assigned to structure TP FP
Data not assigned to structure | FN TN

The total number of data points in testing is N = TP + FP + FN + TN, where TP is the
number of data points correctly assigned as structure changes, while FP represents the number
of data points incorrectly assigned to these changes. FN is the number of data points incorrectly
rejected from valid structure changes, and TN is the number of data points correctly rejected
from these changes.

Our evaluation measures are summarized in Table 6.2. For each class, we count false

positives (FP), true positives (TP), false negatives (FN), and true negatives (TN). The precision
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is the proportion of correct positive class assignments; recall is the proportion of class members
which are correctly labeled; fallout is the proportion of non-members which are incorrectly

labeled, and the error rate assesses the proportion of errors.

Table 6.2 Evaluation measure for structure discovery

Recall = TP/ (TP + FN)

Precision = TP/ (TP + FP)

Fallout=FP /(FP + TN)

Error rate = (FP + FN)/(TP + TN + FP + FN)

Table 6.3 lists the results from the above contingency table of the results obtained from
general algorithm and the algorithm with validation. Table 6.3 reveals that the algorithm with
validation improves the recall, precision, fallout, and error rate compared to algorithm without
validation.

Table 6.3 contingency table for algorithm with/without validation

Recall Precision | Fallout Error rate
Algorithm without validation | 75% 75% 2.1% 4%
Algorithm with validation 87.5% 87.5% 1.1% 2%
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Figure 6.2. Phase space diagram of Sinusoidal Time Series with x; and X¢+1
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Figure 6.3. Structural change points identified by algorithm without validation
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Figure 6.4. Structural changes with enhanced validation algorithm

Figure 6.5 presents the comparison between algorithm with and without validation based
on the dimension of number of structures discovered and the error ration defined. It can be
concluded that the algorithm with validation outperforms the algorithm without validation,
because the error ration is close between these two; however, then the number of structures used
to express the time series used by algorithm with validation is less than that of the algorithm

without validation.
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Figure 6.5 Two dimensional measures of algorithm with/without validation

Sinusoidal Time Series with Noise

Observed data are frequently contaminated by a noise, which is defined as ‘irrelevant or
meaningless data or output occurring along with desired information’[126]. The presence of
noise can substantially affect invariant system parameters as a dimension or entropy. Kostelich,
et. al., [127] showed that even 2% of noise can make a dimension calculation misleading.
Statistically, the term “white noise” is often commonly applied to a noise signal in the spatial
domain that has zero autocorrelation with itself over the relevant space dimension. Gaussian
white noise is a good approximation of many real-world situations and generates mathematically

tractable models [128]. It is defined as random uncorrelated observations with mean zero, and
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some standard deviations, which are added onto the real measurements. In order to study the
noise impact on our algorithm, the additive white Gaussian noise (AWGN) is introduced into the
Sinusoidal Time Series as:

f(t)=asin(at) + (1—a)sin(w,t) + ¢,
where ¢ is the white noise that follows Gaussian distribution with zero mean and unit variance,
and @, and @, are the frequency of generated time series, and ais a constant. The observed
time series that is scaled up to 100 generated by above function where @, =27 /250,
@, =27125 a=0.80 and N=100 is illustrated in figure 6.6. The structure change points are

marked as ‘O’ in the figure.
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Figure 6.6. Structure change points identified with presence of noise
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With the presence of noise in the generation function, our algorithm performs well at
identifying these structure changes that are perceptually important to human comprehension. It
can be concluded that without the noise, the dynamic incremental version of the algorithm could
mine inherit structure changes correctly, and the result obtained is very close to the visual
judgment of a human being. As noise presents in the synthetic signal, the algorithm can
dynamically identify the flat regions that are significant, such as region 83 - 92. More structural

regions can be obtained/accessed because noise has changed the internal time series structure.

Chaotic Time Series

The most interesting time series in this dissertation may be classified as chaotic. In this
section, we will discuss its definition.

“Chaos comprised a class of signals intermediate between regular sinusoidal or
quasiperiodic motions and unpredictable, truly stochastic behavior [129].” The chaotic time
series is also defined as one generated by a nonlinear, deterministic process (highly sensitive to
initial conditions) that has a broadband frequency spectrum [129].

The language for describing chaotic time series can be traced to dynamical systems
theory, which studies the trajectories described by flows (differential equations), maps
(difference equations), and nonlinear dynamics, an interdisciplinary field that applies dynamical
systems theory in numerous scientific fields.[9, 10]

Chaos occurs as a feature of orbits x(t) arising from nonlinear evolution rules, which are
systems of differential equations:

dx(t)
o F(x(t))
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with three or more degrees of freedom x(t) = [xl(t), X, (t), X5 (t), ..., Xq (t)] or invertible

discrete time maps

X(t+1) = F(x(t))

with two or more degrees of freedom. Degrees of freedom are systems characterized by
ordinary differential equations, which determine the number of required first-order autonomous
ordinary differential equations. In discrete time systems that are described by maps

X(t) > F(x(t)) = x(t +1), the number of degrees of freedom is the same as the number of

components in the state vector x(t). The requirement for a minimum size of state space to realize
chaos is geometric. For differential equations in the plane (d=2), it has been know for a long
time that only fixed-point (time independent solutions) or limit cycles (periodic orbits) are
possible. Chaos, as a property of orbits x(t), manifests itself as complex time traces with
continuous, broadband Fourier spectra, nonperiodic motion, and exponentials sensitive to small
changes in the orbit.

As a class of observed signals x(t), chaos lies logically between:

+ the well studied domain of predictable, regular, or quasi-periodic signals which
have been the mainstay of signal processors or decades, and

+ the total irregular stochastic signals we call “noise” and which are completely
unpredictable.

With conventional linear tools such as Fourier transforms, chaos looks like “noise”, but
chaos has structure in an appropriate state or phase space. That structure means that there are
numerous potential engineering applications of sources of chaotic time series which can take
advantage of the structure to predict and control those sources. Chaos is irregular in time and

slightly predictable. Chaos also has structure in phase space.
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One of the most commonly used chaotic time series generation function, the Mackey-
Glass chaotic time series, is defined by the following delay-differential equation [130].

dx(t)  0.2x(t-17)

= —0.1x(t
dt  1+x°(t-17) ®

where 7 is an adjustable delay term.

This delay differential equation can be extremely chaotic and display a wide variety of
behaviors because its value at any time may depend on its entire previous history. Farmer and
Sidorowich [131] presented a forecasting technique for chaotic time series. They introduced
nonlinear mapping using a local approximation after embedding a time series in a state space
using delay coordinates. In order to evaluate the ability of the algorithm to identify structural
change of chaotic time series that periodicity is not apparent or might not exist at all, a Mackey-
Glass chaotic time series is used with 7 =30 in the simulated evaluation.

The following experiments are conducted based on the Mackey-Glass chaotic time series:
forecast precision measures test, initial point sensitivity test, and structural mining parameters

sensitivity test. In the following sections, these three experiments are discussed in detail.

Forecast Precision Measure

Three statistical measures: MSE, MAE and MAPE are used to measure predictability of
our four models GM11, GM11XN, MFGM11, and MFGM11XN. Directional accuracy (DA) is
used to measure the directional predictability. Thiel’s Inequality Coefficient is used to compare
with random walk model. The figures 6.7 to figure 6.11 present the analyzed results based on

the in-sample, out-sample, and parameters such as window size of the models.
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Figure 6.7. Mackey-Glass MSE vs. Window Size

Figure 6.7 shows that the MSE increases as window size used by models increases; i.e.,
the more historical data used to build the model, the higher the MSE will be. The result confirms
the research [52] that the short-term memory is around 7+2. Fourier Modified Gray Models tend
to have a smaller MSE than these of non-Fourier error corrections. Also, MSE from out-sample
is higher than that of in-sample. The latest data values used as the initial condition to solve
differential equation do not seem to improve the MSE. The bigger the window size used to build

the model, the worse is the model based on MSE.
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Figure 6.8 Mackey-Glass MAE vs. Window Size

Figure 6.8 shows the MAE changes with the change of window size used by the models.
It is clear that our sample MAE is smaller than that of an in-sample. The Fourier- corrected error
models decrease MAE compared to non-Fourier modified errors on in-samples. The out-sample

MAEs are smaller than those of the in-sample.

101



15

0 - GM11 Model
X - GM11XN Model /

+ - MFGM11 Model

* - MFGM11XN Model

Red - Out-sample

Blue - In-sample /

MAPE

Window size

Figure 6.9 Mackey-Glass MAPE vs. Window Size

Figure 6.9 presents the change of MAPE against the windows size of the model. Models
with MAPE values of less than ten can be classified as high-precision models. We can see that
when the window size is less than nine, all these four models can be categorized as high-
precision models. In contrast, models modified with Fourier transform have lower MAPE values
than those of non-Fourier modified models in the in-sample comparison. However, the out-

sample comparisons reveal that all four models achieve similar MAPE values. As window size

increases, the MAPE value increases also.
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Figure 6.10 Mackey-Glass DA vs. Window Size

Figure 6.10 shows that the increasing of window size used by the models tends to
decrease the model’s ability to forecast directional moves. Fourier modified models do not
change the DA significantly, and usage Xn as initial conditional value does not cause major
improvement. It is interesting to see the Fourier-modified gray model produce better DA

predictability as window size increases.
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Figure 6.11 Mackey-Glass Theil’s Inequality Coefficient vs. Window Size

Figure 6.11 illustrates the change of Theil’s Inequality Coefficient with the change of
window size. Clearly, the increasing of window size also increases the Theil’s Inequality
Coefficient. Fourier modification of models decreases the Theil’s Inequality Coefficients, while
initial condition change does not affect the Coefficient very much.

Overall, it can be concluded that a smaller window size is better suited to building
models. Based on our experiments, a window size less than seven is suggested in order to
achieve better values of MSE, MAE, MAPE, DA and Theil’s Inequality Coefficient. All four
models perform very well, and high-precision models based on these measures outperform the

random walk model.
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Algorithm Initial Data Point Sensitivity

The results with threshold value of 1.0 and 2.0 are shown separately in figures 6.12 and
6.13. We can conclude that the dynamic incremental version of the algorithm with gray system
could mine the inherited structural change correctly, and the result obtained would be very close
to the visual judgment of a trained human being. With the critical value of 1.0, all the peaks and
valleys in the Mackey-Glass chaotic time series data stream are identified as structure changing
points. The two flat structures, region 10 to 20 and region 103 to 112, are also detected correctly.
The two dramatic drops of the time series, regions 30 to 61 and 131 to 164, are also further
subdivided into two finer structures based on the algorithm of critical value 1.0. When the
critical value increased from 1.0 to 2.0, the structure changes detected by the algorithm
decreased from 28 to 22 because higher critical values give the algorithm less restriction on
structure detection. These two flat regions are combined with structures nearby. There are five
peaks, marked as A, B, C, D and E, that are not detected exactly as human visual inspection did.
The reason is, perhaps, because the algorithm is based on local optimization rather than global
optimization. Another reason is that humans often tend to focus on straight-line in visual
examinations [132].

However, we are also interested in whether the structural change points discovered are
sensitive to the initial data point. We designed the experiment with the fixed window size of
five, and a threshold value of 1.0, and the model; the initial data point is shifted forward one at a
time until the first structural change point discovered by the algorithm. After a series of structural
points are discovered, these points are then compensated back to their original sequence for the
purpose of comparison. The final results are listed in the table 6.4, where the first row indicates

the number of data points shifted forward, and each column is the sequential number of data
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points that represent the structural changing points. We can see that the structural change points
are not sensitive to the initial starting points other than the first structural change point
discovered. The algorithm converges quickly after the first structural points as the data points
shift forward. The errors of each structural change point discovered are within £2. Therefore,
we conclude that our structural change mining algorithm is not sensitive to an initial starting

point.
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Figure 6.12. Structural change points with threshold of 1.0
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Table 6.4 Initial Data Point Sensitivity of Structural Change Algorithm

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

16 15 15 14 15 14 13 12

26 25 25 26 25 26 25 26 26 26 27 26 27 26 25 26

42 43 43 42 43 42 43 42 42 42 39 42 39 42 43 42

50 51 51 50 51 50 51 50 50 50 51 50 51 50 51 50

71 70 70 71 70 71 70 71 71 71 70 71 70 71 70 71

92 93 93 92 93 92 93 92 92 92 93 92 93 92 93 92

100 | 101 | 101 | 100 | 101 | 100 | 101 | 100 | 100 | 100 | 101 | 100 | 101 | 100 | 101 | 100

110 | 109 | 109 | 110 | 109 | 110 109 | 110 | 110 | 110 109 | 110 | 109 | 110 ] 109 | 110

120 | 121 | 121 | 120 | 121 | 120 | 121 | 120 | 120 | 120 | 121 | 120 | 121 | 120 | 121 | 120

155 | 156 | 156 | 155 | 156 | 155 | 156 | 155 | 155 | 155 | 156 | 155 | 156 | 155 | 156 | 155

175 | 174 | 174 | 175 | 174 | 175 | 174 | 175 | 1Y5| 175 | 174 | 175 | 174 | 175 | 174 | 175

196 | 195 ] 195| 196 | 195 | 196 | 195 | 196 | 196 | 196 | 195 | 196 | 195 | 196 | 195 | 196

206 | 205 | 205 | 206 | 205 | 206 | 205 | 206 | 206 | 206 | 205 | 206 | 205 | 206 | 205 | 206

214 | 213 | 213 | 214 | 213 | 214 | 213 | 214 | 214 | 214 | 213 | 214 | 213 | 214 | 213 | 214

226 | 225 | 225 | 226 | 225 | 226 | 225 | 226 | 226 | 226 | 225 | 226 | 225 | 226 | 225 | 226

240 | 240 | 240 | 240 | 240 | 240 | 240 | 240 | 240 | 240 | 240 | 240 | 240 | 240 | 240 | 240

246 | 246 | 246 | 246 | 246 | 246 | 246 | 246 | 246 | 246 | 246 | 246 | 246 | 246 | 246 | 246

267 | 267 | 267 | 267 | 267 | 267 | 267 | 267 | 267 | 267 | 267 | 267 | 267 | 267 | 267 | 267

283 | 283 | 283 | 283 | 283 | 283 | 283 | 283 | 283 | 283 | 283 | 283 | 283 | 283 | 283 | 283

289 | 289 | 289 | 289 | 289 | 289 | 289 | 289 | 289 | 289 | 289 | 289 | 289 | 289 | 289 | 289

Structural Change Algorithm Parameter Sensitivity Experiment

In our previous experiments, we have roughly determined that the window size used to
build the model is better less than seven in order to achieve better MSE, MAE, MAPE, DA and
Theil’s Inequality Coefficient, be classified as high-precision models and outperform random
walk model. In this experiment, we are going to study other parameters that influence the
structural change detection result/threshold value. Four different models and different threshold
values are used in the experiments. The structural change results are measured under the two-
dimension measure matrix discussed in chapter four. The results are presented from figures 6.14

to 6.16. In this experiment, only the first hundred data points are used.
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Figure 6.14 Threshold vs. Ratio of Error from Algorithm

Figure 6.14 presents the influence of threshold values to the ratio of errors. The ratio of
errors increases as the threshold value increases for all four models. Non-Fourier corrected
models move closely as the threshold value increases. However, the Fourier corrected models
diverge. The MFGM11XN model tends to have a higher ratio error than the MFGM11 model,
which looks more stable to the change of threshold. This is because the MFGM11 model
converges to a stable number of structures discovered faster as the threshold increases (as shown

in figure 6.15).
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Figure 6.15 Threshold vs. Number of Structures from Algorithm

Figure 6.15 shows the change of threshold vs. the number of structures discovered. As
we have expected, the higher the value of threshold, the lower the number of structures
discovered. The model GM11, GM11XN, and MFGM11XN converges to the three structures as
the threshold increases, which is close to human justification. The MFGM11 model does not
perform very well as the threshold increases and the number of structures detected drop quickly

from 3 to 1 as the threshold increases from 2 to 2.5.
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Figure 6.16 2D Comparison Domain analysis of Models

Figure 6.16 displays the comparison based on two-dimensional space of error ration and
number of structures of all four models and different thresholds. All of these four models
present a trend: i.e., that a smaller threshold value has a smaller ratio of error but a higher

number of structures discovered.

Synthetic Similarity Cluster Evaluation

We have proved that our newly developed distance measure for time series similarity
matches is a metric function. Shasha, et al. [90] showed that Euclidean distance alone does not
provide an intuitive measure of similarity when the time series compared are of different

baselines and scales. Therefore, shifting transforms or scaling transforms are often performed
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before measuring Euclidean distance. Here the shifting transform is defined as the
transformation of the old time series by adding some real numbers to each item, thereby creating
a new time series. Scaling transform of a time series leads to a new time series by multiplying
some real number to each item in the old time series. A simple way to make a similarity measure

invariant to shifting and scaling is to normalize the time series.

Definition 6.1. (Normal Form) The normal form X of a time series X is transformed

from X by shifting the time series by its mean and then scaling by its standard deviation.

< - X - avg(f)
std (X)

It is trivial that the normalized time series have the properties avg(X) =0 and

std(X) =n. The Euclidean distance between the normal forms of two time series is a similarity
measure between time series that is invariant to shifting and scaling because they have the same
baseline and scale[90]. We use four sets of time series data that have different standard

deviations as listed in table 6.5.

Table 6.5 Sample time series for similarity matching

Series A B C D
1 100 50 200 50
2 110 55 250 62.5
3 90 45 150 37.5
4 100 50 200 50
Average 100 50 200 50
Standard Deviation 8.1649 4.0824 40.8248 10.2062

The plots of the raw time series data and the normalized time series are shown in Figure

6.17 and 6.18 separately.
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Figure 6.18. Time series plot in the normalized form
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It is clear that after the normalization, the Euclidean distance measure will never
distinguish these four time series because they are all overlaid on top of each other. Basically, it
means that all these four series are considered as ‘same’. However, from the point view of our
perception, time series ‘C’ varies greatly from the other three, which can be easily seen from the
time series plot in figure 6.17. It also can be confirmed from the standard deviation, which is

often used to represent the ‘risk’ of investment or ‘volatility’ of the time series.

The distance measure computed from our proposed metric function is shown in table 6.6
in the increasing order, which the higher value means less similar.

Table 6.6. Similarity distance measure

AD AB BD CD AC BC

Distance | 6.1237 | 12.2474 | 18.3711 | 91.8558 | 97.9795 | 110.3711

It is clear that our proposed metric measure works better than directly use of Euclidean
distance. Particularly, the result is close to human visual judgment. In the example, time series
‘A’ and ‘D’ are complete parallel to each other, and in our result, they are clustered as closest.
‘B’ is a little bit away from ‘B’; therefore, ‘AB’ and ‘BD’ are closely grouped together. ‘C’ is
furthest from the group ‘A’, ‘B’, and ‘D’. In the similarity clustering, our metric measure uses
raw date directly without any shifting and scaling; even the data are of different baselines and
scales and the model performs close to human perceptual judgment. The clusters of these four
time series are presented in figure 6.19 and figure 6.20. In figure 6.19, the cluster that is based

on Euclidean distance shown, and figure 6.20 shows the cluster based on our distance measure.
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Figure 6.20. Cluster based on our distance measure of series A, B, C, and D
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CHAPTER 7

REAL TIME SERIES EVALUATION

Structural Change Mining for Financial Data and Similarity Matches

Recent time series data mining tasks have been focusing on how to identify a given
pattern from time series and pattern matching on a given set of pattern templates [44, 45, 52, 90,
133-135]. However, the use of the fixed template or pattern matching or identification simplified
the inherent structural change of the time series itself, and the characteristics of the financial time
series such as high noise-to-signal ratio, nonstationarity and limitations on data availability make

the problem more complicated in the pattern (a priori) to be identified or matched.

In financial time series data mining applications, the detection of patterns and trading
signals has been explored to obtain abnormal gains in investment [136]. Many time series may
present the structural change phenomenon that is critical to capital management and financial
time series data mining. In structural time series, the generating system of the series is assumed
to consist of four components: trend, cycle, seasonal variations, and irregular fluctuations.
Kovalerchuk [137] pointed out that financial data mining techniques are designed to discover
hidden trends and patterns in a financial database, e.g., in stock market data for market
prediction. However, the question is how to separate real trends and patterns from mirages.
Otherwise, it is equally dangerous to follow any of them. Financial forecasting has been widely

studied as a case of time-series prediction problem. The difficulty posed by this problem is due
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to the following factors: Low signal-to-noise ratio, non-Gaussian noise distribution,
nonstationary, and non linearity. After Osborne [138] proposed the random walk characteristic
of stock market in 1959. The random walk model has been widely considered as a statistical
model for the movement of the logged stock price. Burton [139] suggested that in order to save
on hefty broker and management fees, investors should entrust their stock-market portfolios to a
blindfolded monkey tossing darts at the financial pages of newspaper. However, Lo and
MacKinlay [140] marshal the most sophisticated techniques of financial theory to show that the
market is not completely random after all; that it has, so to speak, a memory. In the short run,
broad market returns are positively correlated, like the weather. Just as a fair day is more likely
to be followed by another fair one than by rain, a positive return in one week is more likely to be
followed by a positive return in the next. In the long run, however, individual stock returns
display negative serial correlation: winners over the past three years are somewhat more likely to

be losers over the next three years.

Acrtificial intelligence techniques such as artificial neural network (ANN) and genetic
algorithms (GA) have been applied to forecast stock prices as the computation power increased
dramatically[141-143]. Those approaches are based on the training data that includes those far
away from the present to train the model and thus produce prediction. Thus, the data are not
fully considered as in the time series because the all data are treated without any preference, and
those economical and fundamentals of the market might have differed greatly from these of the
prediction is made. Kim and Han [144] also showed that ANNs had some limitations in learning
the patterns because stock price data contains tremendous noise and complex dimensionality;

also, the sheer quantity of stock data sometimes interferes with the learning of patterns.
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Samuelson [145] and Mandelbrot [146] stated that the unexpected price changes reflect
new information. However, if today’s stock prices reflect all available information, then
tomorrow’s price movements must be unforeseeable, since any information that might be used to
forecast has already been incorporated by traders into today’s prices. If the stock price change
reflected its market information, then the impact and strength of the information related to price
change is relatively gray. Intuitively, traders believe that “good” or “favorable” information
tends to drive the price up, that “bad” information would push the price down, and that
competition will drive all information into the price quickly, causing the stocks to sell for their
true values. The heterogeneity of market participants weights their opinions and evaluation of
information in respect to their wealth, expectations, risk reversion, and forecast accuracy.
Overall market price will reflect a mixture of all these diverse opinions weighed by the amount
of money that supports it. Given these complex factors, it is extremely difficult to measure all the

relevant information and true stock prices.

Mining financial data presents special challenges. For one, the rewards for finding
successful patterns are potentially enormous, but so are the difficulties and sources of confusion.
On the other hand, in an efficient market, prices reflect all available information. The
implication of this definition is that it is not possible to predict price movements from available
information, since this information is already reflected in prices. Because the arrival of
information is random, and given that the new information is reflected in prices very quickly, the

period-to-period changes in prices tend to be random. Another implication is that it is not
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possible to earn abnormal (higher) returns via active trading as compared to what can be

obtained from a passive buy-and-hold strategy.

However, we have good evidence that short-term trends do exist and that programs can
be written to find them. The data miners’ challenge is to find the trends quickly while they are
valid, as well as to recognize the time when the trends are no longer effective. The other
challenge of financial time series data mining is how to find the group of products that have a
similar historical trading pattern. Additional challenges of financial time series data mining are
to take into account the abundance of domain knowledge that describes the intricately inter-
related world of global financial markets and to deal effectively with time series and calendar

effects.

In the following section, three main indices in the financial market of the United States
are used for structural change mining study. They are Dow Jones Industrial Index (DJI), Nasdag
Index (IXIC), and Standard & Poor 500 Index (SP500). The time frame is from January 2000 to
December 2004. Four different models are studied in the research: general gray model GM(1,1)
(GM11), modified GM(1,1) that Xn is initial condition (GM11XN), Fourier enhanced residual

GM(1,1) model (MFGM11) and Fourier enhanced residual GM11XN model (MFGM11XN).

The forecast precision experiment and structure parameter sensitivity experiment are
performed based on IXIC time series data. The algorithm used is the one without validation. In
order to save space here and the design suggested by the committee, only forecast precision

experiment is conducted based on the DJI time series and SP500 time series. In the later section,
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clustering and similarity matching experiment are tested based on eight randomly picked stocks
and results are discussed.

I XIC Forecast Precision Study

The IXIC data are fed into the algorithm in a real-time fashion. We have discussed the
model and parameter selection regarding the Mackey-Glass chaotic time series in chapter six. In
this experiment, a similar design is used except that another variable is added — period of moving
average. We already know that financial data have a high noise-to-signal ratio, therefore,
aggregation over raw data streams is both necessary and important for practical applications.
Aggregation makes sure there is a unique value for each time instance over a fixed time interval.
We need to filter out the noise before further data processing. In our research, the standard

moving average, which is widely used in the financial market, is used to smooth the data:
1 & .
MA@ == > x(j)
j=i-p+

Where x(i) is the value for i=1, 2,...n and p is the number of periods. MA (i) computes
the p-interval moving average time series that assigns equal weight to every data point in the
average interval. Short-term noise will be filtered out and a clear temporal pattern signal is
generated by smoothing through the moving average. In the experiments, the p ranges from 2 to
10. The window size used by models is same as the Mackey-Glass study. The raw IXIC time
series from Jan. 2000 to Dec. 2004 are shown in figure 7.1. Because the difficulties to put all
these data into a graph and for the purpose of easy visualization, only 300 data points are chosen;
these are marked in light-blue in figure 7.1. These data cover a time frame from Jan. 2001 to

March 2002, which includes a well-known 9/11 special event. These 300 data points are plotted

in figure 7.2, and the results of prediction precision are shown in figures 7.3 to 7.9.
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Figure 7.3 IXIC MSE changes vs. period and window size

Figure 7.3 shows the change of MSE in relation to changes of periods and windows size
used by models both in-samples and out-samples. The Fourier corrected gray model has a far
small MSE values than that of non-Fourier corrected models. The more noises that are being
filtered out, the less the MSE values are; i.e., the filtering out the noises helps to increase the
prediction performance of all models. The bigger window size is, the higher the MSE values are
for models and in-samples/out-samples. The Fourier corrected model has very small variations
on MSE changes with window size and period. The out-sample of models demonstrates

relatively smaller MSEs compared to in-sample models.
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Figure 7.4 IXIC MAE changes vs. period and window size (in, out sample)

Figure 7.4 presents the change of MAE corresponding to periods and window size. It is
obvious that the out-sample MAE of the model is much smaller than that of in-sample. The
variation of MAE on out-samples is very small. For in-samples, MAE increases as the window

size increases. The filtering out of noise decreases the MAE values.
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Figure 7.5 IXIC MAE changes vs. period and window size (Model)

Figure 7.5 further illustrates the change of MAE corresponds to different models. Even
the Fourier corrected model - MFGM11XN has a higher MAE values compare to the out-sample
of GM11XN model. It also shows that the window size increases tends to increase the MAE

also. Smoothing out noises decreases the MAE. Out-sample MAE is far smaller than in-sample.
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Figure 7.6 IXIC MAPE changes in related to period and window size

Figure 7.6 presents the MAPE change of corresponding window size and periods. All of
these models can be categorized as high-precision models based on the threshold of MAPE, both
for in-sample and out-sample. Out-sample has a lower MAPE than that of in-sample. The
models that use a higher window size tend to have a higher MAPE value. The more noise being

filtered out, the lower the MAPE values could be.
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Figure 7.7 IXIC MAPE vs. window size, period, and models

Figure 7.7 further explains how MAPE changing corresponds to the different models.
All models have a similar MAPE values at out-sample. In-sample MAPEs are still higher than
those of out-samples, except that a smaller window size (such as two) is being used. In out-
sample cases, the window size change does not affect the MAPE very much; however, the more

noises that are filtered out, the lower MAPEs are for the out-sample also.
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Figure 7.8 IXIC DA changes in related to period and window size

Figure 7.8 presents the direction forecast accuracy changes v.s. the window size and
periods. The removal of noises from data helps models to achieve a better directional forecast.
That is because of the noise filtering discloses the true temporal trend and patterns, and makes it
easier for the model to grasp these temporal patterns. A smaller window size used, a better DA
value is. This confirms that the next new data is closely related to the one preceding it.
MFGM11XN has a higher DA comparing to the GM11XN model, but when a smaller window

size is used, the DA performance of these two models does not differ very much.

127



0.02

0.015

0.01

Theil coefficient

0.005

window size

Figure 7.9 IXIC Theil’s coefficient changes in related to period and window size

Figure 7.9 shows that increasing of window size also increases the Theil’s inequality
coefficient for all models. The filter of noise from data stream improves the Theil’s inequality
coefficient. All of these four models outperform the random walk model based on Theil’s
inequality coefficient. Fourier-corrected models have a better performance than these not

Fourier corrected.

Actually, all of these four gray models could forecast the next day’s stock prices changes
with relatively high accuracy rates, and a high direction if the right window size and period are

used. The experiments suggest that the models perform better if a smaller window size is used
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and there are some degrees of noise filtering. The models require a smaller amount of data to
achieve high precision and accuracy both on direction and magnitude, and do not depend on

statistical distribution assumptions.

IXIC Structural Mining Algorithm Parameter Study

The total 1256 data points are plotted in figure 7.1. In order to visually compare and
identify the structure changes mined by the algorithm, the partial 300 data series are depicted in
figure 7.2 and figures 7.10 to 7.15. We can see that the number of structures decreases when the
window size increases with the same threshold. The higher the threshold value used by the
algorithm, the smaller number of structures that will be discovered. The threshold of 1.0 and 1.5
combines with the window size of 5 to achieve a better match with our perceptual identification
of turning points. A threshold of 1.5 and a window size of 5 produce a smaller number of
structures than that of a threshold of 1.0 and a window size of 5; this is because the higher
threshold accommodates higher volatility of the data and noise. However, both of them identify
the structures and come close to human justification successfully. From these experiments, we
can conclude that smaller window size and threshold generate results that closely approximate
human justification. More guantitative comparisons are performed and illustrated in figures 7.16
through 7.21.

We can conclude that the structure changes mining algorithm successfully identified the
changes and closely approximated perceptual view when smaller threshold and window size
were used. The bigger movements of stock are identified successfully; for example, the event of

9/11 is successfully identified in figures 7.10 through 7.15.
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Figure 7.10. IXIC structural change mining result with threshold 1.0 and window size of 5.
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Figure 7.11. IXIC structural change mining result with threshold 1.0 and window size of 10.
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Figure 7.12. IXIC structural change mining result with threshold 1.0 and window size of 15
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Figure 7.13. IXIC structural change mining result with threshold 1.5 and window size of 5
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Figure 7.14. IXIC structural change mining result with threshold 1.5 and window size of 10
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Figure 7.15. IXIC structural change mining result with threshold 1.5 and window size of 15
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Figure 7.16 IXIC Threshold changes vs. Error ratio on different models

In the experiments to study the parameter sensitivity of the algorithm, the threshold
values changes from 1.0 to 3.5 with an incremental of 0.5. Four models, GM11, GM11XN,
MFGML11, and MFGM11XN, are used to mine structural changes. For the comparison of the
window size effects, only the GM11 model is used in the study. The window size changes from
5, 10, to 15. (All other experiments use the same window size of 5.)

Figure 7.16 shows that when threshold increases, the ratio of errors des not change very
much for the Fourier-corrected models such as MFGM11 and MFGM11XN. GM11 and

GM11XN models have a higher ratio of errors when a higher threshold is used in the algorithm.
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It clearly shows that the MFGM11 and MFGM11XN behave similarly when the threshold

changes. The same situation occurs for GM11 and GM11XN.
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Figure 7.17 IXIC threshold changes vs. number of structures

Figure 7.17 illustrates how the number of structure changes increases as the threshold
increases. For all four models used in the algorithm, increasing the threshold decreases the
number of structures detected. That is because the higher threshold accommodates more
variation and noise of data; therefore, fewer structures are detected. Similarly, MFGM11 and
MFGM11XN behave closely in response to changes of threshold. This also applies to GM11 and

GM11XN models.
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Figure 7.18 IXIC number of structures vs. error ratio on models against threshold

Figure 7.18 illustrates the comparison of algorithm on the dimension of error ratio and
number of structures. The algorithm that uses MFGM11 and MFGM11XN models acts closely,
so do the model GM11 and GM11XN. The error ratio of the algorithm that uses MFGM11 and
MFGM11XN does not change significantly as the threshold changes; however, the number of

structures discovered decreases.
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Figure 7.19 IXIC window size vs. error ratio

Figure 7.19 reveals how the window size changes affect the algorithm. In this
experiment, the GM11 model is used. We can see that as window size increases, the error ratio
increases also; however, the smaller threshold has a lower error ratio as the window size

increases.
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Figure 7.20 IXIC window size vs. number of structures

Figure 7.20 illustrates the number of structures discovered when window size changes

from 5, 10, and 15. The larger the window size used in the algorithm to build the model, the

smaller number of structures detected. This is because we use percentage change to measure the

structure changes. Again, the larger the threshold used, the smaller the number of structures that

could be discovered by the algorithm.
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Figure 7.21 IXIC number of structures vs. error ratio against window size

Figure 7.21 manifests the comparison on the effects of different threshold and window
size in the space of error ratio and number of structures. Bigger window size has a higher error
ratio and moves the result towards region | when threshold 1.0 is used. It is also true for the
threshold of 1.5. Therefore, consider the case of smaller error ratio, in which the smaller

threshold tends to have a greater number of structures discovered.
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DJI Forecast Precision Study

In this forecast precision experiment, the Dow Jones Industrial Index from Jan 2000 to
Dec. 2004 data is used. In order to visually compare and identify the structure changes mined by
the algorithm, the partial 300 data series are depicted in figure 7.22. The structure mining
algorithm uses a threshold of 1.0, window size of 5, and the GM11XN model. We can see the
famous 9.11 event is identified as successfully with these parameters as the IXIC data set does.
Again, the structures identified are close to human justification. More quantitative explanation
of the forecast precision are performed and illustrated in figures 7.23 through 7.32. In order to
express the relationship more clearly, in this study, only the GM11XN model is depicted in the

graphs below.
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Figure 7.22  DJI structures discovered with threshold 1.0 and window size 5.
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Figure 7.23 DJI MSE in-sample changes

Figure 7.23 shows the change of MSE and its relationship to the periods that filter noise
and the window size that is used to build model. Like what we have seen in the case of IXIC
data, a higher period removes more noises from data and therefore improves the in-sample MSE.
The smaller the window size used to build the model, the smaller in-sample MSE is, except that

in this DJI data, an exception, which I don’t know how to explain, occurs.
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Figure 7.24 DJI (01-04) MSE Out-sample

Figure 7.24 show the out-sample MSE changes and the relationship to changes of periods
and window size. As in the in-sample MSE case, the higher a period is, the smaller the out-
sample MSE is; and the higher window size is, the higher the out-sample MSE will be.

From discussion of in-sample and out-sample MSE changes, we can see that when we

use our model to predict, a smaller window size and some degree of noise reduction could

improve our model precision.
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Figure 7.25 DJI MAE In-sample

Figure 7.25 presents how the in-sample MAE changes with different periods and window
sizes. The in-sample becomes highest when the largest window size and the smallest period are
used in the algorithm; conversely, the in-sample becomes smallest when the smallest window
size and the smallest period are used in the algorithm. The increasing of window size also
increases the in-sample MAE, and on the contrary, The increasing of period decreases the in-

sample MAE, and on the contrary, the increasing of period decreases the in-sample MAE.
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Figure 7.26 DJI MAE Out-sample

Figure 7.26 demonstrates how out-sample MAE changes with different periods and
window sizes. It is clear that a higher window size increases out-sample MAE value. In general,
a higher period minimizes out-sample somehow, but it is not always considered in our
experiment. By comparing the in-sample and out-sample MAE, we can see that out-sample

MAE values are much smaller than these of in-samples, as shown in figure 7.27.
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Figure 7.27 DJI MAE out-sample/ in-sample comparison
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MAPE In-sample

Figure 7.28 DJI MAPE In-sample changes

Figure 7.28 exhibits the in-sample MAPE changes with different periods and window
sizes. Overall, the model is categorized as high-precision regarding the in-sample data because
the in-sample MAPE is less than ten. A higher window size creates a higher in-sample MAPE,

and a higher period produces a smaller in-sample MAPE.
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Figure 7.29 DJI MAPE Out-sample

Figure 7.29 introduces the out-sample MAPE changes with the periods and window sizes.
The out-sample MAPE is highest at the largest window size and the smallest period. A higher
period will generate a smaller out-sample MAPE; while a bigger window size produces a higher

out-sample MAPE.
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Figure 7.30 compares the in-sample and out-sample MAPE changes with the periods and
window sizes. The in-sample MAPE increases much faster than out-sample MAPE as the
window size increases and the period decreases. Overall, the out-sample MAPE is smaller than
that of the in-sample MAPE. However, based on the criteria, the model can be categorized as a

high-precision model both at in-sample and out-sample levels.
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Figure 7.31 DJI DA changes against period and window size

Figure 7.31 presents the DA changes v.s. the change of period and window size. DA
reaches a highest point when the biggest period and the smallest window size used in the
experiment, and reaches lowest with the reverse parameters. A bigger the period is, a better DA
is, since filtering out the noise from the data stream makes the model much more effective at
catching the true movement. Similarly, the larger the window size used, the lower the DA is.
Similar to what we have discovered before, data has a short-term memory, which means that the

more data are involved in predicting the short-term future, the less the accuracy level will be.
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Figure 7.32 DJI Theil’s Coefficient

Figure 7.32 shows the comparison between our model and the random walk model based
on the Theil’s inequality coefficient. It can be concluded that our model outperforms the random
walk model because all of Theil’s inequality coefficients are less than one. The lower the
degree removal of the noise (i.e., a higher period used), the higher Theil’s inequality coefficient
is; and the larger the window size is, the higher the Theil’s inequality coefficient is also.

Additionally, there is an outlier which I can’t explain in this figure.
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SP500 Forecast Precision Study

The last experiment with the real world time series is the Standard & Poor 500 (SP500)
index. In this forecast precision experiment, the SP500 from Jan 2000 to Dec. 2004 data is used.
In order to visually compare and identify the structure changes mined by the algorithm, the
partial 300 data series are depicted in figure 7.33. The structure mining algorithm uses threshold
of 1.0, window size of 5, and GM11XN model. We can see that the famous 9/11 event is
identified successfully with these parameters much as the IXIC data set and DJI do. Again, the
structures identified are close to human justification. More quantitative explanation of the
forecast precision are performed and illustrated from figure 7.34 to figure 7.39. All four models
are used in this experiment. For the clarity of the figures, only relationships that show significant

differences are illustrated.
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Figure 7.33.  SP500 structural mining result with threshold of 1.0 and window size of 5

154



60— | e S U N

50 |- T e S o
|- GMILXN, In-sample’| Tl S e

a0 - et | -

MAE

Figure 7.34 SP500 MAE changes v.s. period and window size against Models (In- Sample)

Figure 7.34 shows the in-sample MAE changes v.s. the different periods, window size,
and models. The Fourier-corrected models have much smaller in-sample MAE that that of non-
Fourier corrected models. A bigger window size produces a higher in-sample MAE; and a

smaller period also generates a higher in-sample MAE.
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Figure 7.35 SP500 MAE changes v.s. period and window size (in- and out-sample comparison)

Figure 7.35 presents in-sample and out-sample MAE comparison results against the same

model on changes of period and window size. The out-sample MAEs are much smaller than

these of in-sample.
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Figure 7.36 SP500 MSE changes vs. period and window size

Figure 7.36 shows that a higher window size is, the larger MSE is in both in-sample and
out-sample cases. It is the same for the change of out-sample MSE corresponding to period and
window size. The out-sample MSEs are generally higher than these in-samples even though the

Fourier correction does not help to reduce MSE at out-sample level.
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Figure 7.37 SP500 MAPE changes vs. period and window size

Figure 7.37 proves that the models are highly precise in the range of parameters chosen
for both in-sample and out-sample prediction. This is because MAPE values are all less than ten.
The out-sample MAPE values here are much smaller than the in-sample values. Similarly, the
higher a window size is, the larger the MAPE values are for both in-samples and out-samples ,

and the larger the period is, the smaller the MAPE values are.
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Figure 7.38 SP500 DA changes vs. period and window size on different model

Figure 7.38 illustrates how the DA changes with corresponding periods and window size
used in the experiment. More noises are filtered; i.e, the bigger the period, the higher the DA
values are; and the less historical data used to build the model, the higher the DA values are.

The Fourier correction helps to improve the directional predictability of the model.
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Figure 7.39 SP500 Theil’s Coefficient change vs. period, window size, and models

Figure 7.39 proves that all our models outperform the random walk model. Fourier

correction of errors helps to improve the performance of models even further. A larger window

size degrades the performance of a model, while a bigger period boots the model’s performance.
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Cluster and Similarity Study

Eight stocks such as EOG, CDIS, SCOX, NOVL, SM, HAL, WMT and FDG are picked
from April 2005 to October 2005 for similarity matching based on event history. The results of
structure changes mining algorithm are shown in figures 7.40 and 7.43 separately. The
normalized data are depicted in figure 7.41 and 7.43. Based on event-driven similarity matching,
two clusters are obtained. One cluster group A composes of EOG, SCOX, and CDIS that
contains two identified events. The other cluster, group B, consists NOVL, SM and HAL that
has three discovered events. The similarity distance measure of each group is summarized in
increasing order among items in table 7.1 and 7.2. Our similarity measure on group A revealed
same results as our visual perception, i.e. EOG and CDIS are most closed to each other than any
other pairs in the group. It is further confirm by the normalized data plot in figure 7.41, even
though at this time, it is a little bit harder for human to decide which pair of these three are
closest to each other. In the raw data plot of group B, it looks like that SM is close to both
NOVL and HAL. However, the normalized data plot in figure 7.43 revealed immediately that
SM and HAL are much close to each other. Our newly developed similarity distance measure

disclosed same results summarized in table 7.2.

It can be concluded that our event-driven similarity matching approach works very well
with greatly reduced dimensionality of time series data. In our example here, the reduction rate
of dimensionality is approximately 95%. Our experiments with other data sets tells us that the

reduction of dimensionality is generally around 90%.
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Figure 7.40. Structural change of stock EOG, CDIS, SCOX from April 2005 to Oct. 2005
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Figure 7.41. Normalized stock price of EOG, CDIS, and SCOX
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Figure 7.42. Structural changes of stock NOVL, SM, and HAL from April 2005 to Oct. 2005
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Figure 7.43. Normalized stock price of NOVL, SM, and HAL from April 2005 to Oct. 2005

Table 7.1. Similarity distance among EOG, CDIS, and SCOX

EOG-CDIS

EOG-SCOX

SCOX-CDIS

Distance

9.9715

30.7219

31.6819

Table 7.2, Similarity distance among NOVL, SM, and HAL

SM-HAL

NOVL-SM

NOV-HAL

Distance

26.669

29.792

42.296
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Structure Changes Mining of Network Traffic

The predictability of network traffic is of significant interest in many applications, such
as dynamic capacity planning, predictive congestion control, network management etc. The
initial study toward long-term forecasting of IP network traffic is performed by Groschwitz[147].
The authors compute a single value for the aggregate number of bytes follow over the NSFNET,
and model it using linear time series models. The results show that the time series obtained can
be accurately modeled by a low-order ARIMA model, offering highly accurate forecast (within
10% of the actual behavior) for up to two years in the future. Other work in the area of Internet
traffic forecasting typically addresses small time scale, such as seconds or minutes, that are
relevant to dynamic resource allocation [148, 149]. Qiao [150] show that one-step ahead
prediction at a coarse resolution is a prediction of the average behavior over a long interval using
a wide range of linear and nonlinear time series models. Papagiannaki [151] introduced a
methodology to predict when and where link additions/upgrades have to take place in an IP
backbone network. The aggregate demand and its evolution at time scales larger than one hour
were studied. The results show that IP backbone traffic exhibits visible long- term trend, strong
periodicities, and variability at multiple time scales. Xue, et. al. [152] proposed network traffic
forecast based on a seasonal neural network model. Their research indicates that the seasonal
neural network prediction model produces higher accuracy than the seasonal ARIMA model and
common time series of neural network on monitoring network traffic. Cheng, et. al., [153]
compared the Autoregressive (AR) model and Window Mean (WM) model in prediction of
session throughput of constant bit rate streams in wireless data networks. They show that AR

and WM models have similar performance in prediction and concluded that session throughput
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in wireless data networks can be modeled and predicted to a useful degree from past values by

using linear time series analysis.

From the research we have done, we find little research that focuses on the internal
changes or temporal patterns of network traffic. In our project, we conducted research on
internal structure changes of network traffic and predict the changes when it happens. In this
research, the UC Berkeley Home IP Web trace data is used in the study. The Home IP service is
offered by UC Berkeley to its students, faculty, and staff. The Home IP provides dial-up
PPP/SLIP IP connectivity using 2.4kb/s, 9.6kb/s, 14.4 kb/s, or 28.8 kb/s wireline models or 20-
30 wireless modems. Only traffic destined for port 80 was traced and all non-HTTP protocols
and HTTP connections for other ports were excluded from these traces. The trace file that
generated from Fri Nov 1 15:18:59 1996 through Wed Nov 6 12:46:59 1996 that contains
2,599,049 requests and 6037 unique clients seen is used in our experiments. The raw trace file
was parsed into database, and data are cleaned before they are used in our experiments. The final
hourly network traffic data that was processed with our structure changes mining algorithm is
shown in figure 7.44. The structure changes are marked with ‘O’. The GMXN(1,1) model is

used for one-step ahead network traffic forecasting, the results are show in table 7.3
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Figure 7.44. Structural changes of UC Berkeley Home IP hourly network traffic
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Table 7.3. Network traffic forecasting with GMXN(1,1) model

MSE MAE
In-Sample 6.9506970942655955E19 | 5.733702015674582E8
Out-Sample 5.2068541177883208E18 | 3.0671614187936205E8
DA 0.53153
Theil’s Coeff. | 1.42177246
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From our results, we can see that our structure changes identification algorithm
successfully identified the network traffic burst at data point 20. The direction accuracy is
slightly better than 50%, and the forecast did not outperform the random walk model in our
research. However, our structure-changes mining algorithm identified almost all of the

perceptually important turning of the network traffic.
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CHAPTER 8
CONCLUSIONS AND FUTURE EFFORTS
Through clear definition of structural changes in time series, this dissertation has made an
original and fundamental contribution to the field of time series analysis and data mining.
Chapters 4 and 5 developed time series data mining concepts and a framework for white hidden
structure of the generating operation of time series using a dynamic gray model. The later
chapters shows that the framework developed based on dynamic system successfully
characterizes and discovers complex structures, nonperiodic, irregular, and chaotic time series
even with the presence of noise. The framework was then successfully applied to discover
complex, nonstationary, chaotic time series from both financial and computer science domains.
All of our four models are high-precision models based on MAPE at in-sample and out-sample;
and all of them outperform the random walk model according to Theil’s Inequality Coefficient.
A smaller window size and a considerable degree of filtering out noises in data help to improve
the precision of the model. Dynamic gray models work well to recognize structures without any
assumptions of statistical distribution of data. Under the conditions of the small window size
used and a reasonable threshold, the structures discovered are close to human justification. Our
proposed two-dimension measure helps to distinguish the structural changes produced by
different algorithms and parameters, and our defined similarity matching distance measure
successfully clustered randomly selected time series into structure-driven clusters. Online
structure-driven time series clustering and similarity search based on our newly defined distance

measure also perform well and closely approximate human perceptual justification. The
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dynamic gray model system is capable of explaining the internal structure very well without

statistical assumptions that are usually required in general time series analysis.

Future efforts will fall into three categories: theoretical, application, and performance.
Theoretical research will be conducted to determine the order of optimal whitening function
given an arbitrary time series and optimal measure and threshold that reflect human judgments in
online fashion. As the time series data sets grow larger, the computational effort required to find
structure changes also grows, especially when a structure change is not found for a long time.
One suggestion for coping with this issue is to use a fixed window size; however, high-
performance implementation of the methods might be another solution. In this dissertation, the
applications of the framework in the domains of financial and network traffic are explored. It
would be more promising to explore the actual profit gain in financial markets with proper
trading strategies incorporated with structure changes mining algorithm. Also, it is well worth
exploring the possible application of the algorithm to network resource allocation through

network control mechanisms.

Because of the structure changes mining algorithm, it is possible to study the ‘semantics’
of the changes reflected in the internal structure of time series. Using defined ontology domain
knowledge, it is possible now to explore the meaning and causes of changes, as well as the
interrelationships among variables if the structural change algorithm is expanded into

multivariable version.
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