
Preface

Cluster analysis is an unsupervised process that divides a set of objects into homoge-
neous groups. There have been many clustering algorithms scattered in publications in very
diversified areas such as pattern recognition, artificial intelligence, information technology,
image processing, biology, psychology, and marketing. As such, readers and users often
find it very difficult to identify an appropriate algorithm for their applications and/or to
compare novel ideas with existing results.

In this monograph, we shall focus on a small number of popular clustering algorithms
and group them according to some specific baseline methodologies, such as hierarchical,
center-based, and search-based methods. We shall, of course, start with the common ground
and knowledge for cluster analysis, including the classification of data and the correspond-
ing similarity measures, and we shall also provide examples of clustering applications to
illustrate the advantages and shortcomings of different clustering architectures and algo-
rithms.

This monograph is intended not only for statistics, applied mathematics, and computer
science senior undergraduates and graduates, but also for research scientists who need cluster
analysis to deal with data. It may be used as a textbook for introductory courses in cluster
analysis or as source material for an introductory course in data mining at the graduate level.
We assume that the reader is familiar with elementary linear algebra, calculus, and basic
statistical concepts and methods.

The book is divided into four parts: basic concepts (clustering, data, and similarity
measures), algorithms, applications, and programming languages. We now briefly describe
the content of each chapter.

Chapter 1. Data clustering. In this chapter, we introduce the basic concepts of
clustering. Cluster analysis is defined as a way to create groups of objects, or clusters,
in such a way that objects in one cluster are very similar and objects in different clusters
are quite distinct. Some working definitions of clusters are discussed, and several popular
books relevant to cluster analysis are introduced.

Chapter 2. Data types. The type of data is directly associated with data clustering,
and it is a major factor to consider in choosing an appropriate clustering algorithm. Five
data types are discussed in this chapter: categorical, binary, transaction, symbolic, and time
series. They share a common feature that nonnumerical similarity measures must be used.
There are many other data types, such as image data, that are not discussed here, though we
believe that once readers get familiar with these basic types of data, they should be able to
adjust the algorithms accordingly.
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Chapter 3. Scale conversion. Scale conversion is concerned with the transformation
between different types of variables. For example, one may convert a continuous measured
variable to an interval variable. In this chapter, we first review several scale conversion
techniques and then discuss several approaches for categorizing numerical data.

Chapter 4. Data standardization and transformation. In many situations, raw data
should be normalized and/or transformed before a cluster analysis. One reason to do this is
that objects in raw data may be described by variables measured with different scales; another
reason is to reduce the size of the data to improve the effectiveness of clustering algorithms.
Therefore, we present several data standardization and transformation techniques in this
chapter.

Chapter 5. Data visualization. Data visualization is vital in the final step of data-
mining applications. This chapter introduces various techniques of visualization with an
emphasis on visualization of clustered data. Some dimension reduction techniques, such as
multidimensional scaling (MDS) and self-organizing maps (SDMs), are discussed.

Chapter 6. Similarity and dissimilarity measures. In the literature of data clus-
tering, a similarity measure or distance (dissimilarity measure) is used to quantitatively
describe the similarity or dissimilarity of two data points or two clusters. Similarity and dis-
tance measures are basic elements of a clustering algorithm, without which no meaningful
cluster analysis is possible. Due to the important role of similarity and distance measures in
cluster analysis, we present a comprehensive discussion of different measures for various
types of data in this chapter. We also introduce measures between points and measures
between clusters.

Chapter 7. Hierarchical clustering techniques. Hierarchical clustering algorithms
and partitioning algorithms are two major clustering algorithms. Unlike partitioning algo-
rithms, which divide a data set into a single partition, hierarchical algorithms divide a data
set into a sequence of nested partitions. There are two major hierarchical algorithms: ag-
glomerative algorithms and divisive algorithms. Agglomerative algorithms start with every
single object in a single cluster, while divisive ones start with all objects in one cluster and
repeat splitting large clusters into small pieces. In this chapter, we present representations
of hierarchical clustering and several popular hierarchical clustering algorithms.

Chapter 8. Fuzzy clustering algorithms. Clustering algorithms can be classified
into two categories: hard clustering algorithms and fuzzy clustering algorithms. Unlike
hard clustering algorithms, which require that each data point of the data set belong to one
and only one cluster, fuzzy clustering algorithms allow a data point to belong to two or
more clusters with different probabilities. There is also a huge number of published works
related to fuzzy clustering. In this chapter, we review some basic concepts of fuzzy logic
and present three well-known fuzzy clustering algorithms: fuzzy k-means, fuzzy k-modes,
and c-means.

Chapter 9. Center-based clustering algorithms. Compared to other types of clus-
tering algorithms, center-based clustering algorithms are more suitable for clustering large
data sets and high-dimensional data sets. Several well-known center-based clustering algo-
rithms (e.g., k-means, k-modes) are presented and discussed in this chapter.

Chapter 10. Search-based clustering algorithms. A well-known problem associ-
ated with most of the clustering algorithms is that they may not be able to find the globally
optimal clustering that fits the data set, since these algorithms will stop if they find a local
optimal partition of the data set. This problem led to the invention of search-based clus-
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tering algorithms to search the solution space and find a globally optimal clustering that
fits the data set. In this chapter, we present several clustering algorithms based on genetic
algorithms, tabu search algorithms, and simulated annealing algorithms.

Chapter 11. Graph-based clustering algorithms. Graph-based clustering algo-
rithms cluster a data set by clustering the graph or hypergraph constructed from the data set.
The construction of a graph or hypergraph is usually based on the dissimilarity matrix of
the data set under consideration. In this chapter, we present several graph-based clustering
algorithms that do not use the spectral graph partition techniques, although we also list a
few references related to spectral graph partition techniques.

Chapter 12. Grid-based clustering algorithms. In general, a grid-based clustering
algorithm consists of the following five basic steps: partitioning the data space into a
finite number of cells (or creating grid structure), estimating the cell density for each cell,
sorting the cells according to their densities, identifying cluster centers, and traversal of
neighbor cells. A major advantage of grid-based clustering is that it significantly reduces
the computational complexity. Some recent works on grid-based clustering are presented
in this chapter.

Chapter 13. Density-based clustering algorithms. The density-based clustering ap-
proach is capable of finding arbitrarily shaped clusters, where clusters are defined as dense
regions separated by low-density regions. Usually, density-based clustering algorithms are
not suitable for high-dimensional data sets, since data points are sparse in high-dimensional
spaces. Five density-based clustering algorithms (DBSCAN, BRIDGE, DBCLASD, DEN-
CLUE, and CUBN) are presented in this chapter.

Chapter 14. Model-based clustering algorithms. In the framework of model-
based clustering algorithms, the data are assumed to come from a mixture of probability
distributions, each of which represents a different cluster. There is a huge number of
published works related to model-based clustering algorithms. In particular, there are more
than 400 articles devoted to the development and discussion of the expectation-maximization
(EM) algorithm. In this chapter, we introduce model-based clustering and present two
model-based clustering algorithms: COOLCAT and STUCCO.

Chapter 15. Subspace clustering. Subspace clustering is a relatively new con-
cept. After the first subspace clustering algorithm, CLIQUE, was published by the IBM
group, many subspace clustering algorithms were developed and studied. One feature of
the subspace clustering algorithms is that they are capable of identifying different clusters
embedded in different subspaces of the high-dimensional data. Several subspace clustering
algorithms are presented in this chapter, including the neural network–inspired algorithm
PART.

Chapter 16. Miscellaneous algorithms. This chapter introduces some clustering
algorithms for clustering time series, data streams, and transaction data. Proximity measures
for these data and several related clustering algorithms are presented.

Chapter 17. Evaluation of clustering algorithms. Clustering is an unsupervised
process and there are no predefined classes and no examples to show that the clusters found
by the clustering algorithms are valid. Usually one or more validity criteria, presented in
this chapter, are required to verify the clustering result of one algorithm or to compare the
clustering results of different algorithms.

Chapter 18. Clustering gene expression data. As an application of cluster analysis,
gene expression data clustering is introduced in this chapter. The background and similarity
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measures for gene expression data are introduced. Clustering a real set of gene expression
data with the fuzzy subspace clustering (FSC) algorithm is presented.

Chapter 19. Data clustering in MATLAB. In this chapter, we show how to perform
clustering in MATLAB in the following three aspects. Firstly, we introduce some MATLAB
commands related to file operations, since the first thing to do about clustering is to load data
into MATLAB, and data are usually stored in a text file. Secondly, we introduce MATLAB
M-files, MEX-files, and MAT-files in order to demonstrate how to code algorithms and save
current work. Finally, we present several MATLAB codes, which can be found in Appendix
C.

Chapter 20. Clustering in C/C++. C++ is an object-oriented programming lan-
guage built on the C language. In this last chapter of the book, we introduce the Standard
Template Library (STL) in C++ and C/C++ program compilation. C++ data structure for
data clustering is introduced. This chapter assumes that readers have basic knowledge of
the C/C++ language.

This monograph has grown and evolved from a few collaborative projects for indus-
trial applications undertaken by the Laboratory for Industrial and Applied Mathematics at
York University, some of which are in collaboration with Generation 5 Mathematical Tech-
nologies, Inc. We would like to thank the Canada Research Chairs Program, the Natural
Sciences and Engineering Research Council of Canada’s Discovery Grant Program and Col-
laborative Research Development Program, and Mathematics for Information Technology
and Complex Systems for their support.
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