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Abstract

Data mining is one of the core techniques for business intelligence. In
real — world applications, data mining technique has been widely used in fi-
nancial management, customer relationship management, workflow manage-
ment, risk management, and so on. It is of great use for the success of enter-
prises in strategic decision making, cost control, and business collaboration.

Cluster analysis is one of the key components of data mining re-
search. The process of grouping a set of objects into classes of similar objects is
called clustering. A cluster is a collection of data objects that are similar to one
another within the same cluster and are dissimilar to the objects in other clus-
ters. Cluster analysis has long played an important role in a wide variety of
fields such as stock data analysis, market segmentation, production supervi-
sion, anomaly detection. Spectral clustering is a novel clustering method
which based on the spectral graph theory. Spectral clustering has main advan-
tages of easy implementation and can be used to cluster data with arbitrary
shape. Many studies have been devoted to the research on spectral
clustering. However, further study still need to be addressed for some impor-
tant questions in the theory, algorithm and real application of spectral cluste-
ring. The questions including how to determine reasonable and stable cluster
numbers in spectral clustering? How can we select the informative eigenvec-
tors in spectral clustering? Do we actually compute a reasonable clustering
from matrix perturbation theory point of view? What is the principle of using
component analysis in dimension reduction of univariate time series? How can
we make use of spectral clustering to analyze real financial time series data?

This book thus focuses on spectral clustering methods and their applica-
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tion in financial time series data mining as follows:

(1) We propose non — unique cluster numbers determination methods
based on stability in spectral clustering. For a candidate cluster numberk ,
first we used index Ratio(k) to judge its rationality. Then, by varying the
scaling parameter in the Gaussian function to judge whether the reasonable
cluster number £ is also a stability one. The algorithm mentioned above can de-
termine not only reasonable but also stable cluster numbers of the given
data set.

(2) For choosing informative eigenvectors in spectral clustering, we
propose an algorithm called automatic selection of informative eigenvectors in
spectral clustering ( ASIESC) . ASIESC differs from previous approaches in
that it can distinguish informative eigenvectors remarkably from uninformative
ones, easy to be implement and more stable than existing algorithms.

(3) Using matrix perturbation theory to analyze the spectral clustering
matrix used in the multiway normalized cut spectral clustering method. The re-
sults show that, multiway normalized cut spectral clustering method is reason-
able from matrix perturbation theory point of view.

(4) We analyze the principle of dimension reduction for univariate time
series via principal component analysis from the linear algebraic point of
view. Based on theoretical analysis, we propose univariate time series spectral
clustering method based on principal component analysis. The main idea is
that, similarities among the univariate time series can be reflected by similari-
ties among the corresponding coefficients under the same basic vectors of line-
ar space.

(5) We discuss the principle of making use of independent component
analysis ( ICA ) to reduce the dimension for univariate time
series. Especially, we analyze the impact of ambiguity of the independent
components to the clustering results. We propose a spectral clustering method
based on independent component analysis for time series according to our theo-

retical analysis. In the algorithm mentioned above, first, we use ICA to re-
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duce the dimension. Then estimate the cluster number via generalized eigen-
values method. At last cluster the feature data by multiway normalized cut
spectral clustering method.

(6) We make use of spectral clustering method to analyze comovement
and stability of the global stock indices during the European sovereign debt
crisis. First, we propose a cluster number determination method based on sta-
bility. Then analyze comovement and differences of adjacent time stages of the
global stock indices during eight stages, including before crisis, beginning,
developing, spreading, uploading, adjusting, re — uploading and recove-
ring. At last, we analyze the distribution of the global stock indices in differ-
ent time stages.

(7) Study the investment styles recognition of the Chinese open — end
funds by the multiway normalized cut spectral clustering method and the
ICA. First, we make use of the ICA to extract features, then estimate the
cluster number via the generalized eigenvalues method, cluster the feature da-
ta by the multiway normalized cut spectral clustering method. At last, judge
investment styles according to our investment styles recognition method based

on Sharpe$s coefficients.
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