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Abstract

Microarray data clustering represents a basic exploratory tool to find groups of genes

exhibiting similar expression patterns or to detect relevant classes of molecular sub-

types. Among a wide range of clustering approaches proposed and applied in the

gene expression community to analyze microarray data, mixture model-based cluster-

ing has received much attention due to its sound statistical framework and its flexibility

in data modeling. However, clustering algorithms following the model-based frame-

work suffer from two serious drawbacks. The first drawback is that the performance of

these algorithms critically depends on the starting values for their iterative clustering

procedures. Additionally, they are not capable of working directly with very high di-

mensional data sets in the sample clustering problem where the dimension of the data

is up to hundreds or thousands. The thesis focuses on the two challenges and includes

the following contributions:

First, the thesis introduces the statistical model of our proposed normalized Expec-

tation Maximization (EM) algorithm followed by its clustering performance analysis

on a number of real microarray data sets. The normalized EM is stable even with ran-

dom initializations for its EM iterative procedure. The stability of the normalized EM

is demonstrated through its performance comparison with other related clustering al-

gorithms. Furthermore, the normalized EM is the first mixture model-based clustering

approach to be capable of working directly with very high dimensional microarray data

sets in the sample clustering problem, where the number of genes is much larger than

the number of samples. This advantage of the normalized EM is illustrated through

the comparison with the unnormalized EM (The conventional EM algorithm for Gaus-

sian mixture model-based clustering). Besides, for experimental microarray data sets
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with the availability of class labels of data points, an interesting property of the con-

vergence speed of the normalized EM with respect to the radius of the hypersphere in

its corresponding statistical model is uncovered.

Second, to support the performance comparison of different clusterings a new inter-

nal index is derived using fundamental concepts from information theory. This index

allows the comparison of clustering approaches in which the closeness between data

points is evaluated by their cosine similarity. The method for deriving this internal

index can be utilized to design other new indexes for comparing clustering approaches

which employ a common similarity measure.
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Chapter 1

Introduction

DNA microarrays allow one to simultaneously monitor expression measurements of

thousands of genes under various conditions or over different time points. This ad-

vanced molecular technology offers great opportunities for insight into the highly

complex molecular processes of organisms. A vast amount of gene expression data

in different formats have been generated using this technology. Numerous sophisti-

cated data mining techniques have been proposed to elucidate the hidden information

from volumes of microarray data. The primary focus of these techniques is to answer

challenging questions in molecular biology given the availability of gene expression

data, e.g. What is the function of a gene? How to identify differentially expressed

genes? How to build a regulatory network of some biological process in cell and how

to predict tumor subtype of a patient?. Clustering is one of the basic exploratory tools

for investigating microarray data to infer gene functions and to make discovery of new

molecular subtypes. Clustering may also serve as a preliminary step for further com-

plex data analyses.

1.1 Microarray clustering problem

Clustering is the art of detecting groups of data points (objects) in a given data set

such that data points from each group are very similar to each other and data points

from different groups are as much dissimilar as possible. In the microarray literature,

1



1.1. Microarray clustering problem 2

there are two typical problems of gene expression data clustering, gene (gene-based)

clustering and sample (sample-based) clustering [49]. The primary goal of microarray

clustering is to identify groups of genes or samples that exhibit similar expression

patterns.

Microarray clustering can identify the underlying associations as well as correla-

tions of genes under various conditions. It is also an useful tool to get a deep under-

standing of gene functions, gene regulation and other complex cellular processes. In

addition, cluster analysis of microarray data is advantageous to the discovery of rele-

vant classes such as tumor subtypes and more importantly, the interpretation as well as

analysis of clustering outcomes can provide the basis for novel clinical diagnostic and

prognostic studies.

A wide range of clustering algorithms have been proposed in the gene expres-

sion community to address the two aforementioned fundamental problems in microar-

ray clustering, including hierarchical clustering [46], [32], [79]; self-organizing maps

(SOM) [73]; k-means and its variants [74], [77], [70]; graph-based methods [69], [83];

and mixture model-based clustering [58], [85], [39].

There are several important issues that need to be taken into account when de-

signing a clustering algorithm for microarray data. First, different similarity measures

utilized for clustering even in the same algorithm may potentially lead to very different

results. Thus, the choice of an appropriate measure that is able to represent stochastic

relationships among genes or samples is of vital importance. However, the utilized

measure should not result in a high computational demand.

The second issue is the decision of the number of underlying clusters in a given

data set. Most of the existing clustering methods, e.g. k-means clustering, mixture

model-based clustering and SOM, require some prior knowledge of the number of

clusters in advance. Usually a clustering algorithm itself is not capable of selecting the

proper number of clusters. The decision is often made by using a separate information

criterion. This is a controversial problem and is particularly difficult in the context of

gene clustering.

The third issue is the large numbers of data points and the high dimensionality of
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microarray data in the problems of gene and sample clusterings respectively. A typical

microarray data set consists of only several tens or hundreds of samples but up to thou-

sands of genes, that is, the number of genes far exceeds the number of experiments.

So in the context of gene clustering, the number of data points is very large while in

the sample clustering problem, the dimension of the data is very high. Coping with the

curse of high dimensionality in the sample clustering problem represents a challeng-

ing task as many traditional statistical methods, e.g. Gaussian mixture model-based

clustering, are unable to work on high dimensional data sets without the involvement

of dimensionality reduction techniques. Similarly, the density of microarray data in

the problem of clustering genes makes it exceptionally hard to interpret clustering out-

comes from the biological point of view. Furthermore, the very high dimensionality of

microarray data in the context of sample clustering or the huge number of data points in

the context of gene clustering may significantly reduce the performance of a clustering

algorithm.

The fourth issue is that microarray data are inherently noisy due to various com-

plex stages involved in the microarray experiments. Gene expression data often con-

tain missing values which most conventional clustering approaches are unable to work

directly. Therefore, in this case some missing value estimation algorithms, e.g KN-

Nimpute and SVDimpute [76], are normally pre-applied to impute missing values in

the data. Besides, a microarray data set may contain only a small number of relevant

features for clustering, especially in the context of sample clustering. For more effec-

tive clustering, irrelevant features must be filtered out. This feature selection problem

also represents a challenge in the gene expression community.

The fifth issue is the need for some kind of evaluation criterion even if the criterion

is limited or flawed in one respect or another. Without this, ”success” in microarray

clustering is a completely arbitrary notion.
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1.2 Research aim

We are particularly interested in the sound probabilistic framework of mixture model-

based clustering. Our main reason to follow this clustering framework is that almost all

current clustering approaches are heuristic in nature, and as a result of this it is difficult

to interpret the clustering outcomes from a statistical standpoint. Furthermore, mixture

model-based clustering offers the flexibility in the modeling of cluster shapes, sizes

and orientations. It is also a soft clustering approach, which makes probabilistic as-

signments of data points to clusters. However, all of the proposed mixture model-based

clustering algorithms have two serious limitations. First, their clustering performance

may vary substantially depending on the starting values for their iterative clustering

procedures. In [85], [39], the authors make use of hierarchical mixture model-based

clustering [35], [63] to initialize the EM iterations. In [58], Mclachlan et al take the

clusterings produced by k-means as the starting values for the iterative procedure of

the unnomalized EM. In [30], spherical k-means is employed to initialize the iterative

EM clustering procedure. The second limitation of mixture model-based clustering is

that none of the proposed approaches is capable of working on very high dimensional

data sets in the sample clustering problem and without the involvement of dimension

reduction techniques. In [58], before proceeding the unnormlized EM clustering for

tumor clustering using gene expression data, feature selection and factor analysis are

pre-applied to reduce the dimension of the data. In [39], in order to work with gene

expression data using Gaussian parsimonious clusterings, principal component analy-

sis is resorted to reduce the very high dimension of microarray data sets in the sample

clustering problem. In [10], the approach of estimating the concentration parameters

of von Mises-Fisher distributions is not feasible for data sets with the dimension up to

thousands as it involves the computation of extremely large exponentials.

Our primary research focus is to tackle the two above-mentioned challenges of the

mixture model-based clustering approach.
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1.3 Contributions

The thesis offers two main contributions.

First, a new normalized EM algorithm is proposed and presented in detail. To

demonstrate the stability of the normalized EM, we compare it with several related

clustering algorithms including spherical k-means, the unnormalized EM (the con-

ventional EM algorithm for Gaussian mixture model-based clustering) and Gaussian

parsimonious clusterings. More importantly, with the exception of the normalized

EM, no mixture model-based clustering algorithm has been shown to be capable

of working with very high dimensional microarray data sets in the sample clus-

tering problem and without the support of dimension reduction techniques. This

benefit of the normalized EM is pointed out through the comparison with the unnor-

malized EM. Furthermore, for experimental microarray data sets with the availability

of class labels of data points, we show an interesting property of the convergence

speed of the normalized EM with respect to radius of the hypersphere in its cor-

responding statistical model.

Second, a new internal index is derived using information theoretic concepts.

This index allows the comparison of clustering approaches in which the closeness be-

tween data points are evaluated by their cosine similarity. For the clustering approaches

that use a common similarity measure to estimate the proximity between data points,

the method for deriving our internal index can be applied to design other new indexes

for comparing the success of these clustering approaches.

1.4 Guide to the thesis

The remaining chapters in this thesis are organized as follows:

Chapter 2 covers fundamental knowledge that is imperative for the development

of our research. It reviews some basic concepts from molecular biology, presents how

microarray experiments work to produce gene expression data, highlights fundamental

problems in microarray data analysis and reviews some conventional clustering ap-

proaches including k-means, hierarchical clustering, mixture model-based clustering.
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The chapter starts with a description of the structure of the cell including its inter-

nal organization and basic chemical components of essential molecules followed by

explanation of the protein synthesis process. Based on the fundamental concepts in

molecular biology, we discuss in detail microarray technology including its important

role in modern biotechnology, types of microarrays, microarray experiments and sta-

tistical challenges posed by the gene expression community. Next a brief literature

review of algorithms for microarray clustering is provided. We begin with mathe-

matical formulation of the clustering problem and a discussion on a crucial aspect of

clustering algorithms, similarity measures. Coming after that is the presentation of

current clustering approaches in the microarray literature including k-means cluster-

ing, hierarchical clustering and mixture model-based clustering. These approaches are

clearly presented and specifically analyzed from different aspects. In this chapter, we

emphasize our discussion on the suitability of cosine similarity for gene expression

data, and the stability as well as the capability of working with high dimensional data

of mixture model-based clustering approaches.

In chapter 3, the main results of our work are presented. The motivation for coming

up with the normalized EM algorithm is exposed, and related works are discussed. We

next present in detail the normalized EM algorithm including its statistical model and

derivation based on the general framework of the conventional EM algorithm followed

by a performance analysis of the normalized EM using a number of real microarray

data sets for both gene and sample clustering problems. A detailed instruction on

how to compare clustering performance of different clustering algorithms is given. To

demonstrate its stability and capability of working directly with gene expression data

sets in the sample clustering problem, the normalized EM is compared with other re-

lated clustering algorithms including the unnormalized EM (EM algorithm for mixture

model-based clustering), spherical k-means and Gaussian parsimonious clusterings.

It is shown that the normalized EM produces higher cluster quality than the related

clustering algorithms on all the experimental microarray data sets. Furthermore, an

exposition on the convergence speed of the normalized EM with respect to radius of

the hypersphere in its corresponding statistical model is also provided.
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In chapter 4, we conclude what has been done in this thesis, briefly review the

results and contributions of our investigation into the microarray clustering area, point

out some limitations of our clustering approach and highlight some possible research

directions for future works.



Chapter 2

Background

This chapter covers concepts and tools as well as algorithms that are necessary for the

presentation and development of our work including fundamental knowledge about

molecular biology, description of microarray experiments, statistical challenges posed

by the gene expression community and also a brief review of current clustering ap-

proaches for exploration of microarray data. For a detailed description of basic con-

cepts in molecular biology, the reader is referred to [54], [5], [66], [78]. For com-

prehensive treatment of microarray technology and gene expression data analysis, we

recommend the references [52], [16], [53] to the interested reader.

2.1 Basics of molecular biology

2.1.1 Molecules of life

Cells

Humans and other multicellular organisms consist of a multitude of small cells which

are organized into complex structures. Each cell is a complex system containing com-

partments enclosed by membranes. An organism can be either unicellular, e.g. bac-

teria, yeast or multicellular like most of the living things in our daily life, e.g. the

kingdoms of animals and plants.

Organisms are typically classified into two types, prokaryotes and eukaryotes. This

8
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classification scheme is based on the distinction in cell structures. The difference is

rather important as it results in different ways to carry out biological processes of the

two types of organisms. Almost all prokaryotes are unicellular but it does not mean

unicellular organisms are prokaryotes, e.g. yeast is unicellular but it is an eukaryote.

A prokaryotic cell consists of only a compartment enclosed by a plasma membrane,

lacks a nucleus and is rather simple in its internal organization. Most eukaryotes are

multicellular, e.g. trees, flowers and animals. Eukaryotic cells are bigger and more

complicated compared to prokaryotic cells. They contain quite a few of enclosed com-

partments called organelles, e.g. mitochondria, lysosomes, centrioles and golgi com-

plexes. The most remarkable compartment in eukaryotic cells is the nucleus, which

has a well-defined structure. Figure 2.1 shows a model of eukaryotic cells.

Figure 2.1: Eukaryotic cell [4]

One of the essential biological processes in any living organism is cell division.
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The process that a single cell grows and divides into two new cells is called a cell

cycle. Multicellular organisms begin their life as a single cell or gamete. The single

cell then continues to grow, divide, differentiate and finally becomes a complete body

with a variety of cell types. All biological processes in cells are controlled by com-

plex systems of gene signals. If cells in some tissue of an organism grow and divide

uncontrollably, they can subsequently form tumors.

Deoxyribonucleic acid (DNA)

DNA is the main genetic carrier molecule in a cell. It is made up of a chain of four dif-

ferent chemical building blocks called nucleotides. Each of these nucleotides consists

of a phosphate group and one of the four bases that determine the distinction among

nucleotides. These four bases are often referred to as G, C, A and T corresponding

with their initial letters: guanine (G), cytocine (C), adenine (A) and thymine (T).

Different nucleotides are linked together in any order by phosphodiester bonds to

form a single stranded DNA or a polynucleotide. Nucleotides are connected to each

other in a polynucleotide through the 5’-hydroxyl phosphate group of one pentose ring

of one nucleotide to the 3’ OH group of the next pentose ring. The two ends of the

links are chemically different so DNA sequence has directionality. A DNA sequence

is by convention written in the 5’ → 3’ direction.

Chemically guanine favorably forms hydrogen bonds with cytosine and similarly

weak bond exists between adenine and thymine. To put it in another way, G prefer-

entially binds to C; and A preferentially binds to T. These matchings are termed as

complementary. Although such chemical interactions are weak individually, any two

polynucleotides where their bases are in order complementary in the reverse direction

are remarkably able to stick together, forming a stable double helix. See Figure 2.2

for an illustration of the structure of DNA double helix. During the DNA replication

process as part of the cell division, the double helix structure of the DNA is opened up

and a new double-stranded DNA is created by specific molecular machinery within the

cell. This process produces two DNA molecules identical to the original one and each

of the two copies subsequently goes to each of the new cells.
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Figure 2.2: DNA double helix [1]

Any single cell is believed to contain the complete genetic material of an organ-

ism. Most of the genetic materials of an organism are contained in one or several long

double-stranded DNA molecules which are organized as chromosomes. In most bacte-

ria, the cell consists of only one copy of genetic material. In eukaryotes, chromosomes

are located in the cell nucleus with complex structures and are arranged in pairs. The

number of chromosome pairs in a cell varies depending on specific organisms. Hu-

mans have twenty-three pairs of chromosomes; yeasts have twelve while the fly has

only four. Over time, variants in the genome have been created by random mutation

due to either DNA replication or other complex factors. A mutation is defined to be a

change of base pairs in the DNA sequence.

A gene can be roughly defined as a continuous sketch of a DNA molecule that

specifies functional RNAs or is involved in producing proteins. Genes are the units of

inheritance that determine the traits of an individual. The total set of genes carried by

an organism is called its genome. Gene variants in the same locus of a chromosome

pair are called alleles. The total set of alleles is called the genotype, which defines the

genetic construction of an organism whereas the phenotype is the total set of observ-

able characteristics of an organism. The total genome size varies substantially from

organism to organism.
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Ribonucleic acid (RNA)

The structure of RNA is similar to that of DNA except that sugar component has a

hydroxyl group at the 2’ position and besides the prymidine thymine (T) is replaced

by the alternative uracil (U). Like DNA, RNA can be linear, circular or even double-

stranded. However, most RNAs are single-stranded and exhibit complex but well-

defined spatial structure.

There are typically two classes of RNAs: informational RNAs, e.g. messenger

RNAs (mRNA) which contain necessary information of genes for the process of pro-

tein synthesis, and functional RNAs, e.g. transfer RNAs (tRNA) and ribosomal RNAs

(rRNA), both of which are involved in the protein synthesis process where a messenger

RNA is translated to a protein.

Proteins

Proteins are polypeptides which are chains made up of 20 different amino acids. In

short, they can be represented by strings of 20 different symbols. Proteins are func-

tional macromolecule machines which carry out various molecular intracellular as well

as extracellular processes.

Biologists group proteins into five broad categories according to their functions:

structural proteins which can be regarded as basic building blocks of the cell, e.g. to

maintain the cell shape, transport proteins which regulate flows of substances across

membrane of the cell, regulatory proteins which control the activity of transcription

process of genes to functional products in the cell, signaling proteins which receive and

transmit extracellular signals to the cell interior or vice-versa, motor proteins which are

able to cause motions for necessary purposes in cells.

A protein is simply a linear chain of amino acids but its spatial structure is quite

complex as a result of interactions between chemical components in the linear se-

quence of amino acids. It is widely believed that the protein’s structure determines

its function in cells and the problem of predicting protein structures, hence, becomes

fundamental in computational biology. Although the primary structure of a protein is

linear, the protein itself is often folded into a unique stabilized structure. The three
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common substructures of a protein are (α)-helices, (β)-sheets and U-shape turn. The

spatial arrangement of a protein forms its secondary structure. The tertiary structure of

a protein refers to its overall folding or the three dimensional shape of its polypeptide

chain due to the contact of various parts within the protein. A protein may consist of

more than one chain of amino acids. This kind of protein is called a multimeric pro-

tein. The quaternary structure refers to the organization and the number of subunits in

the protein.

Protein complex is a group of two or more proteins associated with each other by

stable protein-protein interactions. Large protein complexes act as molecular machines

for complex cellular processes.

2.1.2 Gene expression

Gene expression is the process by which the generic information of a gene encoded

in the DNA is read and converted into functional products in the cell. This process

consists of three essential stages: transcription, RNA splicing and translation. Most of

the gene products in cells are proteins and the process of producing protein is called

protein synthesis. See Figure 2.3 for an illustration of the process.

In the transcription phase, a complementary pre-mRNA transcript is copied from

the genetic material in some part of the genome by a protein complex called RNA

polymerase. During the process, RNA polymerase unwinds the double-stranded DNA

and the encoded information is read from one of the DNA strands.

Transcription is similar to DNA replication but they differ in a number of factors.

Transcription only makes copy of a certain part of the genome. The number of copies

may be one, several hundreds or even thousands, that is, a huge number of transcripts

can be produced from a single gene in an instant. On the other hand, DNA replication

copies the entire genome in a cell and only one copy is produced for the cell division

process. Besides, bases in the new DNA strand are deoxyribonucleotides whereas in a

pre-mRNA product of transcription they are ribonucleotides.

RNA polymerase proceeds through a series of steps to transcribe a gene: initial-

ization, elongation and termination. Specific DNA sequences at both ends of a gene in
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Figure 2.3: Protein synthesis process in cells [3]

the genome will direct how the transcription of that gene is initialized and terminated.

Almost all genes in bacteria are continuous sketches of coding DNA sequences.

However, most of the genes in eukaryotes are split, that is, a typical eukaryotic gene

consists of coding sequences called exons alternating with non-coding sequences called

introns. The number of these introns and exons varies from gene to gene and from

species to species. As a result of this alternating pattern in split genes, introns are re-

moved from the pre-mRNA of a gene. This step is called RNA splicing and is carried

out with great precision by a large complex known as the spliceosome. The resulting

product is the mRNA sequence joined by flanking exons. For prokaryotes, RNA splic-

ing is not needed as the introns are not present in their genes. Some of the pre-mRNAs
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in eukaryotes can be spliced in various ways in which different combinations of introns

are eliminated, producing different protein products. This is called alternative splicing.

Alternative splicing is regulated by activators and repressors at the appropriate binding

sites of a pre-mRNA.

Translation is the process of producing proteins from the genetic information en-

coded in an mRNA sequence. The linear sequence of a protein is formed by joining

amino acids, each of which is determined by three adjacent nucleotides in the mRNA,

called a triplet or a codon. There are 64 possible codons as a result of different combi-

nations of four nucleotides in a triplet while only 20 amino acids are actually present

in proteins. Because of this, the genetic code in an mRNA is redundant, that is, several

triplets may code for the same amino acid, for example, UUU and UUC are encoded

for phenylalanine. Within each mRNA, the coding part is an uninterrupted string of

codons called an open reading frame (ORF). Each ORF corresponds to a single pro-

tein and the start and end points are within the mRNA sequence. Both ends of the

mRNA are, in fact, not the ends of an ORF. Translation proceeds from the 5’ end of

the ORF towards the 3’ end, reading codons one immediately after another, until a

chain-terminating signal is encountered. In bacteria, the most common start codon is

AUG, but AUG and occasionally UUG are also used as terminating signals for transla-

tion. In eukaryotes, AUG is always used as the start codon. The start codon indicates

the first amino acid in the growing protein and completely determines the subsequent

codons. The protein synthesis is ended at one of the three stop codons: UAG, UGA

and UAA. The number of ORFs in an mRNA varies between prokaryotes and eukary-

otes. In eukaryotes, mRNAs include only one ORF while more than one ORFs can be

present in prokaryotic mRNAs.

The final product of translation is a protein which has the amino acid sequence

specified by the corresponding mRNA. Post-translational modification of proteins may

occur by adding sugars or by cleavage.

In the cells from different parts of the body of an organism or even in the same

cell at different times, different sets of genes are transcribed; and furthermore different

regions in the genome are transcribed to different extents. It is widely believed that the
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amount of mRNA concentration of a gene expressed at a time point of some biological

process represents the level of expression of the gene. Although one cell contains

complete genetic material of an organism, only a few hundreds of genes in a cell are

highly expressed at a time, that is, only that many of genes are actively engaged in

carrying out some biological task at a time. The identification of these highly expressed

genes are of particular interest. The highly expressed gene set in a normal tissue of

an individual should be also much different to the highly expressed gene set in the

corresponding but tumor tissue of another individual. How to determine the genes that

cause tumors is a challenge in the gene expression studies. Another important question

in molecular cell biology is how to model gene regulatory networks. This certainly

involves the investigation of the expression of thousands of genes in the interested

biological process at different time points and under various conditions.

2.2 Microarray Technology

2.2.1 What is microarray technology and why does it play an im-

portant role in molecular biology?

DNA Microarray is a technological breakthrough in molecular biology, which allows

simultaneous gene expression measurement of thousands of genes during a biological

process [56], [64], [67]. Based on this technology, various microarray experiments

have been conducted to give valuable information about biological processes of organ-

isms, e.g. the study of yeast genome [26], [81], [23] and the investigation of human

genes [6], [46], [61]. However, these studies pose great challenges in extracting hidden

information given from the genomic-scale data.

Applications of microarrays range from the analysis of differentially expressed

genes under various conditions to the modeling of gene regulatory networks. Microar-

rays can help to discover the function of novel genes. Better understood genes with

expression profiles similar to the novel genes serve as candidates to predict function

of the new gene. Metabolic pathways as well as gene regulatory networks can be con-
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structed using microarrays. This involves the study of gene status, whether on or off,

at various time points in some biological process in a cell. The analysis of microar-

ray data is also helpful to characterize differential expression patterns for a particular

disease. This is achieved by detecting distinct expression profiles that are highly cor-

related with specific subtypes of the disease. Furthermore, microarray studies can help

to reveal DNA sequence variation that represents a particular phenotypic change. The

most common type of DNA variation in human genome is single nucleotide polymor-

phism (SNP), which occurs approximately 1 per 1, 000 nucleotides. Analyzing SNP

variations requires devices for sequencing human genomic sequences.

2.2.2 Types of microarrays

There are typically three microarray platforms: spotted cDNA (complementary DNA)

arrays, spotted oligonucleotide arrays and in-situ oligonucleotide arrays. These plat-

forms are different in the types of probes utilized and arraying techniques.

In spotted cDNA arrays, full-length cDNA clones are robotically arrayed on the

support. With this kind of cDNA array the expression of genes with even unknown se-

quences can be studied. So for organisms with limited genomic sequence information

at hand, spotted cDNA arrays still make it possible to investigate their genome-wide

expression profiles.

Spotted oligonucleotide arrays are only different from spotted cDNA arrays in that

their probes are synthetic. Two arraying techniques, robotic spotting and in-situ syn-

thesis can be both used in this type of array. The length of an oligonucleotide is about

20 to 70 nucleotides. However, as can be seen the choice of any probe here must be

carried out very carefully so that the oligonucleotide serves as a good representative

for the corresponding gene and cross-hybridization on the array is optimally avoided.

In in-situ oligonucleotide arrays, oligonucleotide probes are synthesized directly

on the support using photolithography and solid-phase oligonucleotide chemistry. The

possible number of probes on this type of chip significantly exceeds that on the ar-

ray using robotic spotting. In this array, each gene is represented by several probes

and the expression information of these probes is unified to give the expression pro-



2.2. Microarray Technology 18

file of the corresponding gene. However, two labeled samples can not be pooled on

this array at the same time to examine how genes are differentially expressed under

different conditions. This comparison must be done by using two separate chips. The

distinction characterizes the fundamental difference between one-color and two-color

microarrays.

2.2.3 How do microarray experiments work?

Array preparation

Spotted microarrays, both for cDNA and oligonucleotide probes, operate differently

in comparison with in-situ oligonucleotide arrays. cDNA or olionucleotide probes for

spotted microarrays are produced by a polymerase chain reaction (PCR). More specif-

ically, to produce cDNA clones mRNAs from the cells of interest are first extracted

and then each complementary DNA (cDNA) copy of each mRNA molecule is made

with the catalysis of the enzyme reverse transcriptase. The single-strand DNA is then

converted into double-stranded DNA molecules by DNA polymerase. The double-

stranded DNA molecules are inserted into a plasmid vector to clone. Each clone pro-

duced in this manner is called a cDNA clone. A cDNA library is the whole set of clones

produced by one mRNA. For oligonucleotide probes, they are synthesized using the

availability of sequence information from public sequence databases. Each gene on an

array is represented by a probe. It should be noted that the length of oligonucleotides

needs to be taken into account. The longer the polynucleotide the more probable that

it represents the target gene. However, the longer the polynucleotide, the more expen-

sive and complex to make. Oligonucleotides must be designed to minimize the cross-

hybridization possibility as a result of sequence similarity. Furthermore, probes must

have similar chemical properties such as melting temperature and content of nucleotide

base pairs. The gene’s representative copies, both cDNAs and oligonucleotides, are

amplified by PCR to produce a source of cDNA sample that will be deposited on the

array. With spotted microarrays, around more than 30,000 different cDNAs can be

fitted onto the surface of an array support. Each gene occupies one cell on the array.



2.2. Microarray Technology 19

Figure 2.4 illustrates the experiment of spotted DNA microarrays.

Figure 2.4: Two-color microarray experiment [2]

On the other hand, in-situ oligonucleotide probes are synthesized directly on the

support of the array. So the process of probe preparation is quick. The lengths of

probes are typically about 20 nucleotides. The probes are organized on the array by

pairs, perfect-match (PM) versus mismatch (MM). The MM probe is identical to the

PM except with only one nucleotide in the central position. The MM probe is used for

controlling hybridization specificity. Each probe cell on the array contains millions of

probe molecules. A probe pair includes a PM cell and its corresponding MM which

are positioned adjacently on the array. Probes are designed so that several probe pairs

represent a gene. The set of probe pairs representing one transcript is called a probe

set. Typically a probe set consists of 16-20 probe pairs. The presence of PM/MM pairs

allows more accurate recognition of gene expression patterns.

Target labeling and hybridization

In spotted cDNA arrays, typically two RNA samples (a test and a reference, e.g. a nor-

mal sample and a tumor one) are reverse-transcribed by reverse transcription enzyme

to produce labeled cDNA targets with two different fluorescent dyes corresponding to

the two samples which are put in two separate test tubes before being pooled out onto
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the slide of an array. Cy3 (green) and Cy5 (red) are the two most common dyes used in

two-color microarray experiments. The spectral wavelength of the two dyes needs to

be far apart for better signal detection and interpretation. One of the concerns is target

labeling may affect the hybridization efficiency of cDNA. This structural bias has been

improved by attaching amino acid groups to the test and reference samples.

The procedure of target labeling and hybridization in spotted oligonucleotide arrays

is carried out in comparison with that in spotted cDNA arrays as described above.

In-situ oligonucleotide arrays are sophistically manufactured, allowing high pre-

cision of biological signal detection. Labeling targets in in-situ oligonucleotide ar-

rays are accomplished using in-vitro transcription labeling. After the process, cRNA

molecules include biotin-labeled nucleotides. Hybridizations of the labeled targets to

the probes are carried out by pooling the targets onto slide of the array within a limited

space, e.g. a very small chamber, and keeping for a certain amount of time under par-

ticular conditions. Carefully set hybridization conditions, e.g. temperature and ionic

strength, are needed as they may have a major impact on non-specific hybridizations

of targets to the support itself or other probes on the array. The temperature has to

be high enough to limit non-specific hybridization but must be lower than the melting

temperature of the probes. After the incubation, slides are washed off to remove non-

specific bound targets. The hybridized slides need to be stored in the dark as the dyes

may degrade when exposed to light.

Microarray image analysis

Fluorescent imaging is performed after the hybridization stage to get raw data values

representing gene expressions based on the intensities of spots on the array. First, an

image is obtained using some scanning image software. The process of image scanning

consists of three essential steps: gridding, segmentation and intensity extraction. Grid-

ding is to assign coordinates to spots on the slide and to identify the information about

these spots. Segmentation is to detect spot boundaries using edge detection algorithms.

Segmentation also involves the classification of pixels as foreground or background.

The final step, intensity extraction, includes the estimation of foreground/background
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fluorescence intensities and various other important statistics, such as locations, means

and variances of individual spots. This information is used to produce the microarray

gene expression data available for further analysis.

2.2.4 Statistical issues in microarray data analysis

Missing values

Missing values in gene expression data is a common issue. This is caused by various

reasons, including failure of the image detection scanner, unbalanced experimental

designs, dust, sketches on the slide, or a combination of these. To handle this problem

missing values are first flagged and then are either left as they are, excluded together

with their corresponding rows and columns from the original microarray data matrix

or imputed with plausible values for further analysis. The exclusion of missing values

may result in removing other valuable valid data. Even worse, this may lead to a small

data matrix which does not contain enough information to be analyzed. The second

approach where the missing values are ignored is only suitable for analytical methods

that are capable of dealing with missing values. The most extensively used approach

is missing value imputation. However, the main problem is which methods should be

used to represent a balanced expression? At present, the KNNimpute algorithm is most

prefered for missing value estimation of microarray data [76].

Normalization

Experimental instruments for measuring gene expression involve a number of stages

that potentially introduce errors which might mask the true expression level of inter-

ested genes. There are two types of common errors: systematic errors, e.g. the system

tends to produce too high or two low expression values, and random errors which are

generated from uncontrollable sources. For only the first class of errors, efforts can

be made to remove systematic causes. Typically normalization of microarray data is

carried out after the hybridization process. Numerous normalization techniques have

been introduced to remove systematic errors from experimental systems including the
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total intensity method, regression analyses and ratio statistics-based normalization.

The total intensity method is also called global normalization which attempts to

scale intensity values of spots and add a constant to them globally. In other words, this

process is simply an affine transformation of the data in which the standard deviation

is often chosen for the scale parameter and the shift parameter is taken so that the over-

all mean or median of the normalized data is zero. This method offers mathematical

simplicity, quick computation and can be applied to both spotted and oligonucleotide

arrays. However, the use of the M-A plot for log-ratio data [16] commonly shows log

intensity dependent patterns. As a result, it might not be robust to apply linear normal-

ization to the whole array data. Lowess normalization (Locally weighted regression)

is preferred to correct the intensity dependence. Though becoming a standard method

in spotted array normalization, Lowess suffers from intensive computation as the re-

gression process is applied at every single spot on the array. Ratio statistics-based

normalization is another approach for gene expression data normalization which as-

sumes no differential gene expression between two labeled samples of any gene. The

method proposed by Huber et al using a statistical test [44] has been shown even to be

better than most of other normalization methods including Lowess.

Microarray data mining

Given the availability of volumes of noisy and high-dimensional microarray data, the

handling and analysis of the data have posed challenging problems in gene expression

community. Typical problems are feature selection, clustering, classification and asso-

ciation analysis. Different problems require different data analysis tasks. As the main

focus of the thesis is on microarray clustering, we do not cover literature review for all

these scientific issues. Instead only a brief overview of these problems is provided.

Many induction methods suffer from working on large microarray data sets. This

may either make the running time for an algorithm grow dramatically or even worse

render the algorithm intractable. Besides, the high dimensionality of microarray data

prevents some statistical methods from working properly, especially when the number

of variables is much larger than the number of observations. Feature selection relieves
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these drawbacks by selecting relevant features and eliminating irrelevant ones for fur-

ther data analysis. This can be achieved by assigning appropriate weights for features

or searching for relevant subsets of features. By ’relevant’, we mean those features that

we are interested in the context of problem considered.

Clustering is concerned with the identification of gene groups exhibiting similar ex-

pression patterns or the detection of samples into different molecular subtypes without

any prior biological knowledge about class labels of data points. Genes with similar

expression patterns are believed to have similar molecular functions in cells and the

categorization of samples into various molecular groups may help to make discovery

of novel tumor subtypes. A wide range of clustering methods have been proposed to

address these two clustering problems, gene-based clustering and sample-based clus-

tering.

Tumor classification is an important problem in microarray expriments which has

received considerable attention from microarray literature, especially in the context

of cancer research. The precision of tumor classification is vital for the diagnosis as

well as treatment of diseases. The classification task involves learning of a classifier

given a prior biological knowledge about class labels of some samples. What is hard

in tumor classification using microarray data is again the high dimensionality of gene

expression data. So it is necessary to first apply feature selection methods as well

as data reduction techniques in order to eliminate irrelevant features and reduce the

dimension of the data before proceeding to the learning procedure of classification.

Discovery of meaningful association rules in microarray data is always of interest

in life science but is really a challenge as it may involve the intractable combinatorial

problem, which is not easy to resolve. A variety of correlation measures and sta-

tistical tests have been proposed and utilized to support this task. Association rule

mining techniques represent an exploratory tool to find regularities in large data sets,

e.g. to evaluate the association between two gene expression profiles and to search for

stochastic relationship between two genes in a genetic network.
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2.3 Cluster analysis

2.3.1 Mathematical formulation

Consider the set of data points X = {xi}n
i=1 where xi ∈ Rp. Our primary aim is to

partition the data into K groups X1, X2, ..., XK such that ∪K
i=1Xi = X , Xi ∩ Xj = ∅

∀i, j : 1 ≤ i 6= j ≤ K and data points from each cluster Xi are very similar to

each other and data points from two different clusters Xi and Xj are as much dissim-

ilar as possible. C = {Xh}K
h=1 is called a clustering result, or simply a clustering.

There are various ways to formulate a clustering problem based on the general crite-

rion for within-cluster homogeneity and between-cluster separation of the data, giving

rise to numerous clustering optimization problems that have been solved by different

algorithms.

A typical input of a microarray clustering algorithm takes the format of a matrix

Gp×n where entry (i, j) of the matrix represents the expression value of gene j in

the ith experiment in the context of gene clustering or the expression value of gene

i in the jth experiment in the context of sample clustering. Another common type

of data input for clustering algorithms is a similarity (or dissimilarity) matrix S =

[sij]n×n where each entry sij represents the similarity (or dissimilarity) between two

gene expression profiles: xi and xj for 1 ≤ i, j ≤ n. The similarity (or dissimilarity)

matrix includes the pairwise similarity (or dissimilarity) between genes or samples

depending on specific clustering contexts. Entries of the matrix are computed from the

original data matrix G using some similarity (or dissimilarity) measure, e.g. Pearson’s

correlation coefficient, Euclidean distance or mutual information.

2.3.2 Similarity measures

Similarity (or dissimilarity) measures play an important aspect in cluster analysis. Dif-

ferent measures used in one clustering algorithm may potentially lead to very different

results. Some popular measures are Euclidean distance, Pearson’s correlation coeffi-

cient, Mahalanobis distance and mutual information.
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Euclidean distance is the most widely used measure for evaluation of the closeness

between data points. For any two data points xi and xj (1 ≤ i, j ≤ n), Euclidean

distance is defined as

d2(xi, xj) = ‖xi − xj‖ = [

p∑

l=1

(xil − xjl)
2]1/2 (2.1)

which is a special case of Minkowski metric

dq(xi, xj) = [

p∑

l=1

(xil − xjl)
q]1/q. (2.2)

Euclidean distance is generally not suitable for evaluating the similarity between

raw gene expression profiles, as the overall shapes of gene expression patterns give

more information than the magnitudes of individual features. Euclidean distance is not

robust against outliers either, as it puts equal weights on all of its attributes. A few

large-scaled features may dominate the contribution to the overall distance. To limit

this shortcoming, data are often normalized first before further analysis.

An important point to note here is that Euclidean distance does not take into ac-

count the correlation between features of data points. One way to address this is to use

Mahalanobis distance

dM(xi, xj) = (xi − xj)
T Σ−1(xi − xj) (2.3)

where Σ is the covariance matrix of the pattern that generates the data. Mahalanobis

distance is scale-invariant. For Σ identical to the identity matrix, Mahalanobis distance

is reduced to Euclidean distance. However, in practical use how to accurately estimate

Σ is a non-trivial task.

An interesting recent work by Banerjee et al [11] introduces a class of divergences

called Bregman divergence, in which both Euclidean distance, Mahalanobis distance

and various other common divergences occurs as special cases.

The most extensively used measure in microarray data mining is Pearson’s cor-

relation coefficient, which evaluates linear stochastic relationship between two gene
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expression profiles. Pearson’s correlation coefficient between two random variables

with two corresponding sets of actual values {xil}p
l=1 and {xjl}p

l=1 is defined as

ρ(xi, xj) =

p

p∑

l=1

xilxjl − (

p∑

l=1

xil)(

p∑

l=1

xjl)

√√√√p

p∑

l=1

x2
il − (

p∑

l=1

xil)
2

√√√√p

p∑

l=1

x2
jl − (

p∑

l=1

xjl)
2

(2.4)

This coefficient takes values in the range from -1 to 1. Two genes with the correla-

tion coefficient close to 1 are considered as highly correlated. A correlation coefficient

close to 0 implies that the two genes are uncorrelated. A correlation coefficient close

to -1 indicates that the genes are anti-correlated.

An important point to note here is that Pearson’s correlation coefficient remains

unchanged after standardization of the data. Furthermore, with the standardization of

the data the following interesting relation can be easily derived

d2(xi, xj) =
√

2p[1− ρ(xi, xj)] =
√

2p[1− cos(xi, xj)] (2.5)

where cos(xi, xj) is the cosine between two vectors xi and xj .

Mutual information is also utilized to capture similar gene expression patterns in

microarray data [72], [9]. Given two random variables: U with NU possible values

{ui}NU
i=1 and V with NV possible values {vi}NV

i=1, the entropy of U or the amount of

uncertainty in U is defined as

H(U) = −
NU∑
i=1

p(ui) log p(ui) (2.6)

The joint entropy H(U, V ) is similarly defined as

H(U, V ) = −
NU∑
i=1

NV∑
j=1

p(ui, vj) log p(ui, vj) (2.7)

Here p(u, v) is the joint probability density of U and V .

The definition of conditional entropy H(U |V ) is given as

H(U |V ) = −
NU∑
i=1

NV∑
j=1

p(ui, vj) log p(ui|vj) (2.8)
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One interesting property of the joint entropy is the following decomposition

H(U, V ) = H(U) + H(V |U) (2.9)

The mutual information between U and V is defined as

I(U, V ) = H(U)−H(U |V ) (2.10)

= H(V )−H(V |U) (2.11)

= H(U) + H(V )−H(U, V ) (2.12)

which can be interpreted as the amount of information reduction of U given the pres-

ence of V and vice versa.

Mutual information is capable of capturing not only the linear stochastic relation-

ship between two random variables but also any non-linear one. In the real applications

of microrarray data, there are two serious drawbacks of using mutual information as

a similarity measure for gene expression profiles. First, if microarray data are consid-

ered as continuous, the computation of mutual information between gene expression

profiles using estimated probability density functions may become computationally

very intensive. One way to alleviate this is to discretize the gene expression values.

However, the algorithm utilized to discretize the data needs to be carefully chosen or

designed to avoid information loss. The second drawback is that mutual information

values increase with the number of possible observations of random variables. To

address this, mutual information needs to be normalized by, for example, the joint en-

tropy or the maximum of entropies of the two random variables. The interested reader

is referred to [55] for detailed discussion on the similarity metrics using information

theoretic concepts.

In [72], Steuer et al show that similar expression patterns of genes in standardized

data sets often exhibit co-linear stochastic relationships, which are suitably evaluated

by cosine similarity. Our studies on a variety of microarray data sets have revealed that

the co-linear relationships between the expression profiles of genes with similar func-

tions are exposed not only on standardized data sets but also on raw or log-normalized

microarray data sets. As mentioned above, mutual information offers the power of
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detecting different similar gene expression patterns, but the usage of this similarity

measure suffers from either intensive computation or information loss from the data

discretization. Euclidean distance is clearly unable to capture the co-linear stochastic

relationship between data points. For Mahalanobis distance, it is difficult to accurately

estimate Σ for high dimensional data. So although mathematically simple, cosine sim-

ilarity measure seems to be appropriate for evaluation of the similarity degree between

gene expression profiles.

2.3.3 Clustering algorithms

There is a very rich literature on clustering algorithms for microarray data in particular

and for other types of data in general. All the clustering algorithms typically fall into

two broad categories: heuristic-based and model-based clusterings. In the heuristic

clustering framework, there is no probabilistic model. On the other hand, the model-

based clustering framework assumes that data are generated by some statistical model.

In this section some of these clustering algorithms in the two above-mentioned

categories are described and analyzed.

K-means clustering

K-means clustering [57] is one of the most common approaches in cluster analysis.

Based on the formulation of k-means, various so-called k-means type algorithms exist

in the clustering literature. K-means aims to find the optimal K-cluster partition of the

data {Xh}K
h=1 that minimizes the following objective

D({Xh}K
h=1) =

K∑

h=1

∑
xi∈Xh

‖xi − µh‖2 (2.13)

where µh =

∑
xi∈Xh

xi

|Xh| is the center of cluster Xh (Note that |Xh| is the number of

data points in cluster Xh).

The most popular iterative procedure for finding a local optimal solution of (2.13) is

the so-called Lloyd’s algorithm or simply k-means algorithm. See [7], [34] for descrip-
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tion of some other variants of k-means algorithm. The standard clustering procedure

of k-means is as follows

1. Initialize a random K-cluster partition {X (0)
h }K

h=1 and set ` = 0.

2. Assign each data point xi to its closest current cluster center and compute the

updated clusters

X (`+1)
h = {xi : h = arg min

1≤h′≤K
‖xi − µ

(`)
h′ ‖2}

(If ties do happen, resolve them arbitrarily)

µ
(`+1)
h =

∑

xi∈X (`+1)
h

xi

|X (`+1)
h |

3. If the partition is unchanged compared to the one in the previous iteration, then

stop and output the final clusters. Otherwise, set ` = ` + 1 and go to step 2.

K-means algorithm is both simple and fast. The time complexity of k-means is just

O(`.K.n); and its space complexity is O(K + n). From the clustering procedure of k-

means, it is obvious to show that its objective (2.13) decreases after each iteration [12].

In practice, k-means often converges after a small number of iterations. See [62], [19]

for detailed discussion on the statistical convergence properties. The main drawback of

k-means is that its clustering solution may vary substantially depending on the initial

partition in the clustering procedure. One way to resolve the problem is to run the

algorithm several times and take the result which minimizes (2.13). However, the

fine-tuning process may not be feasible from the computational aspect for the gene

clustering problem as the number of genes in a real microarray data set is often up to

thousands of genes, resulting in a large number of local optima of (2.13). An alternative

way to overcome the initialization issue is to choose starting values sensibly so as

to improve quality of the final clustering [21]. The second shortcoming of k-means

algorithm is its hard iterative clustering procedure forces each data point to be in one

of the clusters with probability one. This may not be robust against the trend of the

data as data points lying at the boundaries of some two or more clusters may play a
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partial role of belonging to any combination of these clusters. Another criticism on

k-means is that it has no representation of the weight of clusters. Consequently, it

tends to produce spherical clusters of the same size. Data points that are actually in

a big cluster might be incorrectly assigned to the small cluster that touches the big

one. Similar to most other clustering approaches, k-means requires specification of

the number of clusters K in advance. Normally k-means clustering is tried for various

values of K in {1, 2, ..., Kmax}, and some corresponding statistic W (G,K, {X ∗
h}K

h=1)

is utilized to estimate the number of true clusters, in which {X ∗
h}K

h=1 is the optimal

clustering of k-means with K clusters. The decision of the most suitable number of

clusters is made based on the analysis of these statistics. A recent criterion based on

Gap statistic [75] is preferable to estimate the appropriate value of K. We refer the

interested reader to [42] for further discussion on this issue.

K-means objective (2.13) can be interpreted in several ways [42], [28]. The ob-

jective can be seen as the sum of squared error between each data point and its cluster

representative. Besides, for each h (1 ≤ h ≤ K) we have

0 = ‖
∑

xi∈Xh

(xi − µh)‖2

= 〈
∑

xi∈Xh

(xi − µh),
∑

xj∈Xh

(xj − µh)〉

=
∑

xi,xj∈Xh

〈xi − µh, xj − µh〉

=
∑

xi,xj∈Xh

(〈xi, xj〉 − 〈xi, µh〉 − 〈xj, µh〉+ 〈µh, µh〉)

=
1

2

∑
xi,xj∈Xh

(‖xi − µh‖2 + ‖xj − µh‖2 − ‖xi − xj‖2)

= |Xh|
∑

xi∈Xh

‖xi − µh‖2 − 1

2

∑
xi,xj∈Xh

‖xi − xj‖2 (2.14)

Hence, (2.13) can be written as

D({Xh}K
h=1) =

K∑

h=1

∑
xi∈Xh

‖xi − µh‖2

=
K∑

h=1

1

2|Xh|
∑

xi,xj∈Xh

‖xi − xj‖2 (2.15)
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So k-means clustering actually attempts to minimize the sum of weighted within-

cluster distances between data points. Additionally, denote µ∗ = 1
n

n∑
i=1

xi as the mean

vector of the data, then

n∑
i=1

‖xi − µ∗‖2 =
K∑

h=1

∑
xi∈Xh

‖xi − µ∗‖2

=
K∑

h=1

∑
xi∈Xh

‖(xi − µh) + (µh − µ∗)‖2

=
K∑

h=1

∑
xi∈Xh

(‖xi − µh‖2 + ‖µh − µ∗‖2 + 2〈xi − µh, µh − µ∗〉)

= D({Xh}K
h=1) +

K∑

h=1

|Xh|‖µh − µ∗‖2+

+2
K∑

h=1

〈µh − µ∗,
∑

xi∈Xh

(xi − µh)〉

= D({Xh}K
h=1) +

K∑

h=1

|Xh|‖µh − µ∗‖2 (2.16)

As apparent, the minimization of (2.13) which is interpreted as within-cluster homo-

geneity is equivalent to the maximization of

K∑

h=1

|Xh|‖µh − µ∗‖2 (2.17)

which represents between-cluster separation. Furthermore, define a matrix Z = [zih]n×K

as

zih =





1
|Xh|1/2 if xi ∈ Xh,

0, otherwise.
(2.18)

It is obvious that the columns of Z are mutually orthogonal ZT Z = IK and the k-

means objective can be expressed as
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D({Xh}K
h=1) =

K∑

h=1

∑
xi∈Xh

‖xi − µh‖2

=
n∑

i=1

‖G.i − (GZZT ).i‖2

= ‖G−GZZT‖2
F

= Trace((G−GZZT )(G−GZZT )T )

= Trace(GT G)− Trace(ZT GT GZ) (2.19)

where G.i is the ith column of G. So the minimization of (2.13) is relaxed to a trace

maximization problem

max
Z
{Trace(ZT GT GZ) : ZT Z = IK} (2.20)

The optimal partition of the data can not be obtained directly from the optimal solution

Zopt of (2.20) as matrix Z has its own structure. We need to find Z with structure

(2.18) closest to Zopt with respect to some information criterion. This can be solved

in various ways [86], [28]. In [28], Ding and He relate k-means algorithm to principal

component analysis and provide a delicate solution to this problem.

K-means and some of its variants [74], [9], [77] have been applied to analyze mi-

croarray gene expression data. In [74], the standard k-means algorithm is first utilized

to examine the biological relevance of genes in the yeast’s cell cycle using microarray

data. However, no performance comparison of k-means with other clustering algo-

rithms is given. In [9] a variant of k-means, attribute clustering is proposed using

normalized mutual information as a similarity measure for gene expression profiles.

In this work, attribute clustering only serves as a supportive step for tumor classifica-

tion. As previously mentioned, the normalized mutual information in the clustering

procedure is theoretically capable of capturing any stochastic functional dependence

between gene expression profiles. However, in practical use this may not be the case

as the preliminary step of the data discretization is most likely to result in the loss

of valuable information from the data. In [77] an alternative version of k-means, pe-

nalized and weighted k-means is proposed to overcome some drawbacks of k-means.
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The algorithm offers the representation of cluster weights and the capability of leaving

out noisy genes as outliers. However, the fine-tuning parameter λ in the algorithm is

very difficult to determine in the real clustering context and besides similarly as for

k-means, the existence of a large number of local minima in the objective of the penal-

ized and weighted k-means in the real clustering problem may seriously influence its

stability.

A recent interesting work by Dillon et Modha [27] apply spherical k-means for

text clustering. They show that spherical k-means outperforms the conventional k-

means in the context of text clustering. A fundamental difference between k-means

and spherical k-means lies in the utilized similarity measures between data points.

K-means uses Euclidean distance whereas spherical k-means takes cosine similarity

measure to evaluate the closeness between data points. In spherical k-means, data are

pre-projected on a unit hypersphere and then the clustering of the data is performed

in this new manifold only. Spherical k-means is more stable than k-means, as the

normalization of the data on the hypersphere eliminates the scattering effect of the

data, resulting in the existence of a smaller number of local maxima in the objective

of spherical k-means. Our empirical studies have shown that spherical k-means is

quite stable and fast even for very high dimensional microarray data sets. However,

it still suffers from some drawbacks like k-means. Spherical k-means is an heuristic-

based clustering algorithm. It does not offer any representation of cluster weights and

furthermore it forces data points to be in one of the clusters with probability one.

Hierarchical clustering

Hierarchical clustering is a very popular approach in cluster analysis and has been

widely applied in microarray literature [46], [32], [79]. There are two types of hi-

erarchical clustering algorithms, agglomerative (bottom-up) and divisive (top-down)

hierarchical clusterings. Divisive (top-down) hierarchical clustering is not discussed

here as it is not widely used in the gene expression community. By any reference to

hierarchical clustering hereafter in this thesis, agglomerative hierarchical clustering is

implied.



2.3. Cluster analysis 34

Different from partition-based clustering where a disjoint set of clusters are pro-

duced by clustering algorithms, hierarchical clustering builds clusters in a bottom-up

fashion. The outcome of hierarchical clustering can be graphically represented as a

tree called a dendrogram. The dendrogram provides not only information of data point

memberships in clusters but also the similarity between clusters. For hierarchical clus-

tering the number of clusters does not need to be given in advance. Any K-cluster

partition can be easily obtained by cutting the obtained dendrogram. The clustering

approach requires users to specify the similarity (or dissimilarity) measure between

any two data points and a corresponding linkage method so as to define the similarity

between two groups. The reader is referred to [41], [33], [43] for detailed treatment

of hierarchical clustering algorithms. In general, a hierarchical clustering procedure

works as follows:

Initially the dendrogram is empty and each data point is a cluster, that is, there

are n clusters, each of which contains only one of the data points. In the next step,

the two clusters with maximum similarity (or minimum dissimilarity) are merged into

one (Resolve ties arbitrarily) and the current number of clusters decreases to n − 1.

The merging process is continued until a desired number of clusters is reached. If

the number is not specified, the process stops when only a single cluster remains.

For the ease of implementation and computational efficiency the input to hierarchical

clustering is often represented in the form of a similarity (or dissimilarity) matrix. The

matrix is updated after each step.

The outcomes of hierarchical clustering may vary substantially depending on the

definition of the similarity between two groups or the specified linkage method. There

are typically four popular linkage methods utilized for hierarchical clustering: single

linkage, average linkage, complete linkage and centroid linkage. Given two current

clusters Xi and Xj the linkage methods are defined as follows:

In single linkage hierarchical clustering, similarity between two clusters is defined

as the maximum similarity among all the pair-wise similarities between data points

from the two clusters
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s(Xi,Xj) = max
u∈Xi,v∈Xj

s(u, v) (2.21)

In average linkage hierarchical clustering, the similarity between any two clusters

is the average of all the pair-wise similarities from the two clusters

s(Xi,Xj) =

∑
u∈Xi,v∈Xj

s(u, v)

|Xi||Xj| (2.22)

Complete linkage hierarchical clustering defines the similarity between any two

clusters as the minimum similarity among all the pair-wise similarities between data

points from the two clusters

s(Xi,Xj) = min
u∈Xi,v∈Xj

s(u, v) (2.23)

Centroid linkage hierarchical clustering requires the input in the form of a data

matrix. The representative of a cluster is its mean given as the average of all data

vectors within the cluster. The similarity between two clusters is measured by the

similarity between their cluster representatives.

It is intuitive that building a complete dendrogram of a hierarchical clustering

is of the order O(n2). The time complexity of a typical hierarchical clustering is

O(n2 log n) [47]; and its space complexity is O(n2) which refers to the storage of

the similarity (or dissimilarity) matrix of size n × n. In practice, the computation of

hierarchical clustering algorithms is very fast even with high dimensional data sets

including thousands of data points.

Single linkage clustering tends to produce low cluster quality compared to average

linkage and complete linkage clusterings as it suffers from an effect known as chaining

and often outputs clusters with very large diameter in its dendrogram. In contrast, com-

plete linkage clustering has a tendency to product compact clusters. Average linkage

clustering represents a trade-off between single and complete linkage clustering meth-

ods. Another major defect of hierarchical clustering is the greedy strategy utilized to

build the dendrogram. If a ’bad’ decision is made at some step it may subsequently

lead to a poor clustering outcome as we are unable to correct the bad decision.
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In the applications for microarray data, hierarchical clusterings work very fast even

with very high dimensional data sets or data sets with thousands of data points. Hier-

archical clusterings offer an useful tool for biologists to analyze gene expression data

as well as to interpret their findings for both the gene and sample clustering prob-

lems [32], [79], [46], [84], [8]. However, in all of these works hierarchical clusterings

are only utilized to investigate the biological relevance of genes or molecular subtypes

in some biological contexts. Hierarchical clustering often serves as one of the typical

clustering approaches that are taken to compare with other newly proposed clustering

algorithms. Among all the similarity measures for hierarchical clusterings, Pearson’s

correlation coefficient has been proven to be very successful in detecting the under-

lying stochastic relationship of gene expression profiles. As we know from section

2.3.2 after the standardization of the data, Pearson’s correlation coefficient and cosine

similarity measure between data points are in nature the same. In fact, our investi-

gation in chapter 3 shows that even in raw or log-normalized microarray data sets,

cosine similarity is adequate to detect the stochastic functional dependence between

gene expression profiles.

Mixture model-based clustering

Model-based clustering offers a coherent probabilistic framework for cluster analysis.

In this clustering approach, data points are assumed to be generated by a finite mixture

of probability distributions

p(x|Θ) =
K∑

h=1

πhph(x|θh) (2.24)

where Θ = (π1, θ1, π2, θ2, ..., πK , θK) with πh’s and θh’s as mixing proportions and

model parameters of component h respectively

K∑

h=1

πh = 1, πh ≥ 0, h = 1, 2, ..., K. (2.25)

The likelihood function of the observed data is thus

L(Θ|X ) =
n∏

i=1

p(xi|Θ) =
n∏

i=1

(
K∑

h=1

πhph(xi|θh)) (2.26)



2.3. Cluster analysis 37

Generally it is very difficult to find the maximization of (2.26) and the EM al-

gorithm is often utilized to estimate the model parameters [25]. The EM algorithm

considers the observed data X = {xi}n
i=1 as incomplete data. The hidden variables

here are Y = {yi}n
i=1 where yi = h if xi is sampled from the hth component of the

mixture density. Assuming that the actual values of Y are known, then the complete

data log-likelihood becomes

logL(Θ|X ,Y) = log p(X ,Y|Θ) =
n∑

i=1

log(πyi
pyi

(xi|θyi
)) (2.27)

Given the current estimates Θ(`) (` ≥ 0), the posterior probability p(h|xi, Θ
(`)) that

xi belongs to component h of the mixture density is defined by

p(h|xi, Θ
(`)) =

p(h|Θ(`))p(xi|h, Θ(`))

p(xi|Θ(`))

=
π

(`)
h ph(xi|θ(`)

h )
K∑

h′=1

π
(`)
h′ ph′(xi|θ(`)

h′ )

(2.28)

Thus the expectation of the complete data log-likelihood over the above given pos-

terior distribution is

E[log p(X ,Y|Θ)|X , Θ(`)] =
n∑

i=1

E[log πyi
pyi

(xi|θyi
)|X , Θ(`)]

=
n∑

i=1

K∑

h=1

log (πhph(xi|θh))p(h|xi, Θ
(`))

=
K∑

h=1

n∑
i=1

(log πh)p(h|xi, Θ
(`))+

+
K∑

h=1

n∑
i=1

(log ph(xi|θh))p(h|xi, Θ
(`)) (2.29)

The EM algorithm alternates between Expectation (E) step and Maximization (M)

step. In the E step, expectation of the marginal log-likelihood given the current es-

timates is computed using (2.29). In the M step, model parameters are estimated by
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maximizing the expectation of the marginal log-likelihood

Θ(`+1) = arg max
Θ
{E[log p(X ,Y|Θ)|X , Θ(`)] : (2.25)} (2.30)

From (2.30), the π
(`+1)
h can be easily found

π
(`+1)
h =

1

n

n∑
i=1

p(h|xi, Θ
(`)), h = 1, 2, ..., K (2.31)

The remaining parameters θ′hs are estimated depending on specific probability dis-

tributions. It has been shown that under some conditions the EM iterative procedure

converges to a local maximum of (2.26) [82], [20].

Define Θopt as the optimal parameter estimates obtained from the above EM itera-

tions, then each data point is assigned to the component with the maximum estimated

posterior probability.

Model based clustering is a soft clustering approach, which is more flexible com-

pared to k-means clustering in that it makes probabilistic assignments of data points

to clusters. However, the performance of mixture model-based clustering greatly de-

pends on the distributional assumption of the underlying statistical model. If the data

do not fit well the statistical model, the model itself may fail to detect the inherent

cluster structure of the data. The ongoing effort by statisticians to propose a suitable

model for describing gene expression data has been futile. The most extensively used

statistical model in the clustering community is Gaussian mixture model, in which the

component density is

ph(xi|µh, Σh) =
1

(2π)p/2|Σh|1/2
e−

1
2
(x−µh)T Σ−1

h (x−µh), h = 1, 2, ..., K (2.32)

where µh and Σh are mean vector and covariance matrix of the hth component and

|Σh| is the determinant of Σh.

A fundamental factor that can impact on the stability of the EM algorithm for this

model is the choice of starting values for its iterative procedure. The initial values can

be taken randomly or by using the clustering from another algorithm, e.g. k-means and

hierarchical mixture model-based clustering. Another drawback of the algorithm is its
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limited capability of dealing with high dimensional data sets [24], [59]. Normally

dimensionality reduction techniques have to be applied to resolve this curse of high

dimensionality in the data before proceeding with the clustering technique. However,

data reduction may result in the loss of useful information for clustering from the data.

When working with high dimensional data sets, especially in the context of clustering

samples, the number of parameters that need to be estimated is very large compared to

the number of observations, creating over-fitting problem. In [22], Celeux and Govaert

alleviate this problem by considering the Gaussian mixture model-based clustering

with various parameterizations of covariance matrices, called Gaussian parsimonious

clustering models. The covariance matrix for component h (1 ≤ h ≤ K) is factorized

using eigenvalue decomposition

Σh = λhDhAhD
T
h (2.33)

where λh = |Σh|1/p, Dh is the orthogonal matrix of eigenvectors of Σh and Ah is the

diagonal matrix, in which its diagonal entries are proportional to eigenvalues of Σh and

|Ah| = 1. For component density h, Dh determines its orientation; Ah determines its

shape; and λh determines its volume.

The EM algorithm of Gaussian parsimonious clustering is different from the con-

ventional EM algorithm for Gaussian mixture model-based clustering in that in the E

step of the former method, a classification step is first performed to get cluster mem-

berships of data points using the estimated posterior probabilities and then the expecta-

tion of the marginal log-likelihood is computed. For further details of these algorithms,

see [22], [36], [37]. Some of these clustering models have been shown to work well for

microarray gene expression clustering [85], [39]. However, one drawback of Gaussian

parsimonious clustering is again its poor capability of working with high dimensional

data sets, especially in sample-based clustering of gene expression data. Another is-

sue worth mentioning is the initialization issue for its iterative clustering procedure.

In [85], [39], starting values of EM iterations are initialized using hierarchical mixture

model-based clustering [35], [63].

An important question in mixture model-based clustering is which number of clus-
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ters should be selected given the data? There are a number of approaches proposed to

answer this question, not only for mixture model-based clustering [65], [51] but also

for k-means clustering as mentioned above and other clustering methods [75], [31].

The different approaches may give different answers to this question even for the same

data set. For Gaussian parsimonious clusterings, apart from choosing the right number

of clusters, we need to decide which parsimonious model best describes the data as

well.

Given two models M1 and M2 with corresponding parameters Θ1 and Θ2, Bayes

factor [51] is defined as

B12 =
p(X|M1)

p(X|M2)
(2.34)

where p(X|Ml) (l = 1, 2) is the integrated likelihood obtained by integrating over the

parameter space

p(X|Ml) =

∫
p(X|Θl, Ml)p(Θl|Ml)dΘl (2.35)

in which p(Θl|Ml) is the prior density of Θl.

Based on the hypothesis that the two models are equally probable (p(M1) = p(M2) =

0.5), Bayes factor is the posterior odds in favor of Ml. Model M1 is favored over M2

if the factor is bigger than 1 and vice versa. This approach can be generalized for se-

lecting more than two models. The main drawback of using Bayes factor lies in the

computation of the integrated likelihoods.

Bayesian information criterion (BIC) [65] is the most preferable criterion in learn-

ing community for evaluation of the number of clusters as well as selection of Gaussian

parsimonious models [85], [39], [59]. Bayesian information criterion is defined by

BICl = 2 log p(X|Ml) ≈ 2 log p(X|Θ∗
l )−m log(n) (2.36)

where Θ∗
l are the maximum log-likelihood estimates of Θl in the model Ml and m is

the number of independent parameters to be estimated in Ml.

BIC criterion can be derived from the estimation of the integrated likelihood (2.35)

using the so-called Laplace approximation [51]. The bigger the value of BIC score,

the stronger the model. A difference between BIC scores of two models smaller than
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2 indicates weak evidence to choose one model over the other whereas a difference

greater than 10 shows strong favor of one model over the other [48]. The maximum

log-likelihood of a model is not used directly to compare the strength of a model over

the others but is penalized by the term m log(n) which represents the complexity of

the model. The minimum description length (MDL) approach for model selection is

actually identical to the BIC approach but is interpreted from a different viewpoint [42].

Mixture model-based clustering has been widely applied for microarray gene ex-

pression data in the contexts of both gene and sample clusterings [85], [58], [39].

In [85] the utility of Gaussian parsimonious clusterings for gene clustering is demon-

strated using Mclust package [37]. Some of the Gaussian parsimonious clusterings

are shown to produce cluster quality comparable to CAST [14] on some illustrated

microarray data sets. However, the gene expression data sets utilized in [85] are dis-

tinctively small, both the dimension and the number of genes. This conceals a serious

drawback of Gaussian parsimonious clusterings that they are not stable for high di-

mensional data sets containing thousands of genes. In [58], the unnormalized EM (EM

algorithm for Gaussian mixture model-based clustering) is applied for tumor cluster-

ing using two gene expression data sets, leukemia and colon data sets. In this work,

McLachlan et al have to resort to a feature selection technique and factor analysis to

reduce the dimension of the data first before proceeding the unnormalized EM cluster-

ing. A crucial limitation of this approach is that the dimension reduction process may

result in the information loss from the original data. For example, the inherent clus-

ter structure in the original data is not preserved. Another limitation of both Gaussian

parsimonious clusterings and the unnormalized EM is that their clustering performance

critically depends on the choice of the starting values for the EM iterations. In [85] EM

iterations are initialized using hierarchical mixture model-based clustering [35], [63].

In [58] the unnormalized EM is initialized using the clusterings from k-means. In [39]

Gaussian parsimonious clusterings are applied for sample clustering with the support

of principal component analysis. This demonstrates that these clustering models are

not capable of working directly with extremely high dimensional data sets, which make

use of thousands of genes, in the sample clustering problem. This defect of Gaussian
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parsimonious clusterings is mainly because of either the scattering effect of the data or

the over-fitting problem (two many parameters in the models that need to be estimated

using a limited number of observations).

A recent interesting work by Banerjee et al [10] introduces a new distribution, von

Mises-Fisher distribution for data points in a unit hypersphere to the clustering com-

munity. The closeness between data points here is evaluated using cosine similarity.

In their clustering framework, Banerjee et al focus on the estimation of the concentra-

tion parameters in von Mises-Fisher distributions and also demonstrate an application

for gene expression data. They are, however, more concerned with the estimation of

stochastic model parameters than the applicability of the clustering on a fixed hyper-

sphere to extract useful biological knowledge from gene expression profiles. Besides,

the clustering method suffers from working with the data sets where the dimension is

up to thousands as it involves the computation of extremely large exponentials. Fol-

lowed by Banerjee et al’s work, another underlying distribution for data points in a hy-

persphere has also been seen to be applied for microarray data [30]. This distribution

allows more flexible shapes and orientations of clusters. Nevertheless, the clustering

approach has limitation of working with high dimensional data sets, especially for data

sets where the dimension is much larger than the number of observations. This is either

because of the over-fitting problem or because of the near singularity of the estimated

covariance matrices in its iterative clustering procedure.

2.4 Summary

We have studied fundamental concepts of molecular biology, which serve as a pre-

requisite for the understanding of microarray experiments and statistical challenges

posed by the gene expression community. Various aspects of cluster analysis have

been also thoroughly discussed from general formulation of the clustering problem,

similarity measures for clustering to advantages and limitations of some typical clus-

tering approaches.

Several common similarity (or dissimilarity) measures including Euclidean dis-
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tance, Mahalanobis distance, Pearson’s correlation coefficient and mutual information

have been investigated. Our analysis of similarity measures has shown that cosine sim-

ilarity is an appropriate measure for evaluation of the similarity between gene expres-

sion profiles despite the fact that mutual information is able to capture any stochastic

functional dependence between two gene expression profiles.

In this chapter three popular clustering approaches including k-means clustering,

hierarchical clustering and mixture model-based clustering have been presented and

analyzed in detail.

K-means is both simple and fast even for very high dimensional data sets or data

sets containing thousands of data points, but it has several drawbacks. The cluster

quality of k-means may critically depend on the choice of the initial partition for its

clustering procedure. Besides, k-means clustering attempts to assign data points to

be in one of the clusters with probability one. This may not be flexible in describing

the trend of the real data. The third drawback of k-means is that its objective has

no representation of cluster weights. An interesting variant of k-means, spherical k-

means in which the clustering of data is performed in an unit hypersphere is shown

to be promising for the applications of microarray data as in this clustering approach

cosine similarity measure between data points is utilized.

The second approach, hierarchial clustering offers an useful tool for biologists to

study the gene expression data. In practical use, hierarchical clustering works very

fast for microarray data sets in both gene and sample clustering problems. However,

the performance of hierarchical clustering may be significantly affected by the choice

of the similarity measure as well as the linkage method. For similarity measures in

hierarchical clustering, Pearson’s correlation coefficient is the most popular, and for

the standardized microarray data it is actually the cosine similarity between two gene

expression profiles. In general, hierarchical clustering suffers from the chaining effect.

This effect is most obvious with single linkage hierarchical clustering, which often

outputs unbalanced clusters.

Mixture model-based clustering offers a sound statistical model for cluster analy-

sis. Among the underlying distributions for this clustering model, multivariate Gaus-
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sian distribution is the most popular. However, the conventional EM algorithm for this

clustering model (the unnormalized EM) has two serious drawbacks. First, it critically

depends on the starting values for its own iterative clustering procedure. And second,

it is unable to work directly with very large gene expression data sets containing hun-

dreds to thousands of genes in the sample clustering problem. These two drawbacks

also occur with Gaussian parsimonious clusterings. We have also reviewed microarray

clustering applications of two probabilistic distributions for data points in a hyper-

sphere [10], [15]. In [10] Banerjee et al focus on the estimation of the concentration

parameters in the mixture of von Mises-Fisher distributions. In [15] the proposed dis-

tribution allows a flexible modeling of underlying clusters. However, none of the two

clustering approaches is able to work well with microarray data in the sample cluster-

ing problem where the number of data points is much smaller than the dimension of

the data.



Chapter 3

A New Normalized EM Algorithm for

Clustering Microarray

Gene Expression Data

One of the most important applications of microarray data is to detect clusters of genes

that exhibit similar expression patterns or to group samples into molecular categories

such as tumor subtypes. In this chapter, we present a new normalized Expectation-

Maximization (EM) algorithm for clustering gene expression data sets, in which data

points are pre-normalized on a hypersphere. The normalized EM is shown to work

well for both gene and sample clusterings even on very high dimensional microarray

data sets. We also compare it with other related clustering approaches using a number

of real microarray data sets. It is shown that the normalized EM performs better than

the related approaches in terms of clustering outcomes.

3.1 Introduction

Most of the proposed clustering approaches are heuristic in nature. As a consequence,

it is difficult to interpret the obtained clustering results from a statistical standpoint.

Mixture model-based clustering offers a sound statistical framework for cluster anal-

ysis where data points within a cluster are assumed to be generated from the same

45
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statistical distribution. The performance of mixture model-based clustering may vary

substantially depending on the specific distributional assumption of the underlying

probabilistic model. The parameters of the model distribution are normally estimated

using the EM algorithm [25]. As mentioned in the previous chapter, one of the se-

rious drawbacks of the EM algorithm for mixture model-based clustering is its sta-

bility. The performance of mixture model-based clustering may critically depend

on the starting values for the EM iterations. The second main drawback of mixture

model-based clustering is its limited capability of working with high dimensional data

sets [24], [39], [58], especially when the number of observations is much smaller than

the number of variables. In that case, dimension reduction techniques, e.g. factor anal-

ysis and independent component analysis, are pre-applied to overcome this curse of

high dimensionality. Among all the data reduction techniques, principal component

analysis (PCA) [50] is the most preferred in the statistical learning community.

A crucial aspect in clustering is the measure utilized to evaluate the degree of simi-

larity between any two data points or between a data point and its cluster representative.

In the gene clustering problem similar gene expression patterns often exhibit co-linear

stochastic relationship, especially on standardized data sets [72]. This stochastic re-

lationship is suitably evaluated by using the cosine among data vectors. Euclidean

distance, which represents the squared sum of the difference between individual fea-

tures, is clearly unable to evaluate the co-linearity. Mahalanobis distance can be used to

represent the co-linearity. However, how to accurately estimate the covariance matrix

of the pattern that generates the data is not easy at all as it involves the estimation of

a large number of parameters in the covariance matrix. Mutual information is theoret-

ically very robust in detecting the stochastic relationships between random variables.

Despite the power of mutual information in uncovering different types of similar gene

expression patterns, the practical usage of this similarity measure suffers from either

intensive computation or information loss from the data discretization. So although

mathematically simple, cosine similarity measure is actually more appropriate than

the mutual information for evaluation of similarity degree between gene expression

profiles.



3.1. Introduction 47

Motivated by the sound theoretical framework of mixture model-based clustering

and the suitability of cosine similarity measure for microarray data, we propose a nor-

malized EM algorithm to address both gene and sample clustering problems for mi-

croarray data. The proposed approach also follows mixture model-based clustering

framework, but the pre-projection of data on a fixed hypersphere enables the normal-

ized EM to work well for high dimensional microarray data sets.

Of particular relevance to our work are spherical k-means [27], clustering using

von Mises-Fisher distributions [10] and clustering in a unit hypersphere using the in-

verse projection of multivariate normal distributions [30]. Spherical k-means is similar

to k-means in nature except that the clustering of data is performed in an unit hyper-

sphere. Like k-means, spherical k-means is fast for high dimensional gene expression

data sets in both gene and sample clustering problems. However, the clustering out-

comes of spherical k-means even on the same data set may be significantly different

due to the sensitivity of the algorithm with its starting values. In [10] Banerjee et al

proposed a method to estimate the concentration parameter of von Mises-Fisher dis-

tribution, a statistical distribution for spherical data, and apply it for clustering various

types of data including yeast cell cycle gene expression data. They are, however, more

concerned with the estimation of stochastic model parameters than the applicability of

the clustering on a hypersphere for extracting useful knowledge from gene expression

profiles. An important point to note here is that the clustering approach has difficulty

of working on data sets with dimensions up to thousands as it involves the computa-

tion of extremely large exponentials. In [15] a new clustering approach is proposed

to allow a flexible description of clusters. However, this approach is not capable of

working well with microarray data sets in the sample clustering problem, where the

number of data points is much smaller than the dimension of the data, due to either

the over-fitting problem or the near singularity of the estimated covariance matrices in

its EM iterations. The underlying distribution in our approach can be seen as a simple

variant of von Mises-Fisher distribution or of the distribution utilized in [15]. Interest-

ingly it is the parsimony that makes our normalized EM work well for both gene and

sample clusterings. The normalized EM is stable even with random initializations for
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its iterative clustering procedure. Furthermore, it is also stable when working directly

with very high dimensional microarray data sets in the sample clustering problem.

3.2 A new normalized EM algorithm

A microarray data set is commonly represented by the matrix Gp×n = [x1, x2, ...xn],

where xj ∈ Rp is the expression profile of gene j in the context of gene clustering or

sample j in the context of sample clustering. Typically the number of genes is much

larger than the number of experiments. Our primary goal is to detect groups of genes

exhibiting similar expression patterns or to group samples into different molecular

subtypes. Specifically, we have to classify the set of data points (genes or samples)

into K groups X1,X2, ...,XK such that genes (samples) within a cluster should have

similar expression profiles and expression patterns of genes (samples) between clusters

are as much dissimilar as possible.

We now introduce a new normalized EM soft clustering approach for both

gene and sample clustering problems. First, data points are normalized so that they

lie on a hypersphere and then clustering of the data is performed on this hypersphere

only. The statistical model for the normalized EM clustering is described in detail as

follows:

First, each expression profile xi is normalized so that they belong to a fixed mani-

fold Sµ = {x : ‖x‖2 = µ, x ∈ Rp} for some µ > 0. In other words, the data points are

processed by

xi → √
µ

xi

‖xi‖ , i = 1, 2, ..., n (3.1)

Then these normalized xi’s are treated as drawn sampled outcomes of a mixture of

K exponential distributions

p(x|Θ) = γµ

K∑

h=1

πhe
−‖x−µh‖2 (3.2)

where Θ = (π1, µ1, ..., πk, µk), in which the πh, µh as mixing proportions and direc-
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tional mean vectors respectively,

K∑

h=1

πh = 1, πh ≥ 0, ‖µh‖2 = µ, h = 1, 2, ..., K (3.3)

and γµ is the normalizing constant

γµ = 1/

∫

x∈Sµ

e−‖x−µh‖2dx. (3.4)

Assuming that the data vectors are independent and identically distributed with

distribution p. Then the data likelihood function is

L(Θ|X ) = p(X|Θ) =
n∏

i=1

p(xi|Θ) =
n∏

i=1

(γµ

K∑

h=1

πhe
−‖x−µh‖2). (3.5)

The maximum likelihood problem is thus

max
Θ
{L(Θ|X ) : (3.3)}. (3.6)

However, maximizing the likelihood function (3.6) is very difficult and we relax it

by maximizing the expectation of the marginal log-likelihood function [25].

Given current estimates Θ(`) at the `th iteration (` ≥ 0) of the EM iterative proce-

dure, for each h = 1, 2, ..., K, the posterior probability p(h|xi, Θ
(`)) that xi is generated

by the hth component of the mixture density is defined by

p(h|xi, Θ
(`)) =

p(h|Θ(`))p(xi|h, Θ(`))

p(xi|Θ(`))

=
π

(`)
h e2〈xi,µ

(`)
h 〉

K∑

h′=1

π
(`)
h′ e

2〈xi,µ
(`)

h′ 〉
. (3.7)

The expectation of the marginal log-likelihood function for the observed data over



3.2. A new normalized EM algorithm 50

the given posterior distribution is

E[
n∑

i=1

log(γµπhe
−‖xi−µh‖2)]

=
n∑

i=1

E[log(γµπhe
−‖xi−µh‖2)]

=
n∑

i=1

K∑

h=1

[log(γµπhe
−‖xi−µh‖2)]p(h|xi, Θ

(`))

=
n∑

i=1

K∑

h=1

(log πh − ‖xi − µh‖2)p(h|xi, Θ
(`)) + n log γµ

=
n∑

i=1

K∑

h=1

(log πh − 2µ + 2〈xi, µh〉)p(h|xi, Θ
(`)) + n log γµ

=
K∑

h=1

n∑
i=1

(log πh + 2〈xi, µh〉)p(h|xi, Θ
(`))− 2nKµ + n log γµ. (3.8)

The maximization (3.6) is relaxed by maximizing expectation of the marginal log-

likelihood function

max
Θ

{
K∑

h=1

n∑
i=1

(log πh + 2〈xi, µh〉)p(h|xi, Θ
(`))− 2nKµ + n log γµ : (3.3)}

= max
Θ
{

K∑

h=1

n∑
i=1

(log πh)p(h|xi, Θ
(`))+

+2
K∑

h=1

n∑
i=1

〈xi, µh〉p(h|xi, Θ
(`)) : (3.3)} − 2nKµ + n log γµ

= max
{πh}K

h=1

{
K∑

h=1

n∑
i=1

(log πh)p(h|xi, Θ
(`)) :

K∑

h=1

πh = 1, πh ≥ 0, h = 1, 2, .., K}+

+2
K∑

h=1

max
µh

{
n∑

i=1

〈xi, µh〉p(h|xi, Θ
(`)) : ‖µh‖2 = µ} − 2nKµ + n log γµ (3.9)

To find max
{πh}K

h=1

{
K∑

h=1

n∑
i=1

(log πh)p(h|xi, Θ
(`)) : πh ≥ 0,

K∑

h=1

πh = 1}, we intro-

duce Lagrange multiplier λ with the constraint
K∑

h=1

πh = 1 and form the following

Lagrangian

L({πh}K
h=1) =

K∑

h=1

n∑
i=1

(log πh)p(h|xi, Θ
(`))− λ(

K∑

h=1

πh − 1). (3.10)
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Take the partial derivatives of (3.10) with respect to each πh and λ, then set them

to zero, we obtain

n∑
i=1

1

πh

p(h|xi, Θ
(`))− λ = 0, h = 1, 2, ..., K (3.11)

K∑

h=1

πh = 1 . (3.12)

From equations (3.11) and (3.12), we get

λ = n

π
(`+1)
h = 1

n

n∑
i=1

p(h|xi, Θ
(`)), h = 1, 2, ..., K . (3.13)

To find max
µh

n∑
i=1

〈xi, µh〉p(h|xi, Θ
(`)) subject to ‖µh‖2 = µ, we introduce the La-

grange multiplier λh and the Lagrangian here is given by

L(µh) =
n∑

i=1

〈xi, µh〉p(h|xi, Θ
(`))− λh(‖µh‖2 − µ). (3.14)

Similarly as above, take the partial derivatives of (3.14) with respect to {µh, λh}
and set them to zero, we obtain

n∑
i=1

xip(h|xi, Θ
(`))− 2λhµh = 0 (3.15)

‖µh‖2 = µ (3.16)

Solving (3.15) and (3.16), we get

λh = 1
2
√

µ
‖

n∑
i=1

xip(h|xi, Θ
(`))‖

µ
(`+1)
h =

√
µ[

n∑
i=1

xip(h|xi, Θ
(`))]

‖
n∑

i=1

xip(h|xi, Θ
(`))‖

(3.17)
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The EM iterative procedure of the normalized EM is as follows:

π
(`+1)
h =

1

n

n∑
i=1

p(h|xi, Θ
(`))

=
1

n

n∑
i=1

π
(`)
h e2〈xi,µ

(`)
h 〉

K∑

h′=1

πh′e
2〈xi,µ

(`)

h′ 〉
(3.18)

ν
(`+1)
h =

n∑
i=1

xip(h|xi, Θ
(`))

µ
(`+1)
h =

√
µν

(`+1)
h

‖ν(`+1)
h ‖

. (3.19)

The optimal parameter estimates Θopt are obtained when the difference between

two observed data log-likelihoods corresponding to two successive iterations is less

than a given tolerance threshold. Finally, each data point is assigned to the component

with the maximum estimated posterior probability, i.e. a data point xi is assigned to

component h or cluster Xh if h = arg max
h′

p(h′|xi, Θopt).

3.3 Performance comparison of different clusterings

The behavior of clustering algorithms varies substantially depending on the data and

the initial assumptions of the underlying clusters. As a consequence, clustering out-

comes produced by different algorithms need some sort of grading to determine how

good an algorithm is in comparison with another. This non-trivial task is one of the

most important issues in cluster analysis. This section discusses fundamental concepts,

from information theory perspective, of two types of cluster validity indices (internal

and external) that are utilized to compare clustering performances of the normalized

EM with other clustering algorithms.

External indices validate the agreement between two clusterings, the real clustering

and the one induced from an external criterion called gold standard. The gold standard

here is the prior knowledge about class labels of a given data set which is obtained

by human judges from an independent process rather than from the data set itself,

e.g. tumor subtypes of samples or molecular functions of genes. One may evaluate
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clusterings by intuitively counting the number of misclassified data points. This is,

however, only possible when the number of data points are small and the number of

clusters are just a few. In the other cases, it challenges human intuition as to measure

how well different clusterings match the external criterion. External indices are an

useful tool for large data points and clusters.

Suppose C∗ = {X ∗
h}K∗

h=1 is the external criterion of the data. Our goal is to mea-

sure the agreement between two clusterings, the real clustering C = {Xh}K
h=1 and the

gold-standard partition {X ∗
h}K∗

h=1. Quite a few of external indices have been proposed

for the evaluation of clusterings [45], [60], [29], [59]. Most of the previously proposed

external indices can be described using a contingency table of the pair C and C∗. The

contingency table here is a matrix M = {mhh∗}K×K∗ with mhh∗ as the number of

common points between two clusters Xh in C and Xh∗ in C∗. The most extensively

used external index in clustering community is the adjusted Rand proposed by Hubert

and Arabie [45], which is based on counting pairs of points that agree or disagree with

respect to the given clusters in the two partitions C and C∗. The adjusted Rand index

is designed under the assumption that the contingency table is sampled from a gen-

eralized hypergeometric distribution and the number of data points in each cluster of

the real clustering are fixed. In practice, the second assumption is generally violated.

In [59], Meilă introduced a new index called variation of information (VI) to measure

how the real clustering is informationally different from the ideal partition induced

from external criterion using information-theoretic concepts. The index makes no as-

sumption on how clusterings are generated and the computation of VI is simple. Here

information theory proves to be an useful tool for describing intuitive concepts related

to uncertainty.

Suppose each data point is randomly picked with equal probability, then the prob-

ability that the outcome belongs to cluster Xh is

P (h) =
|Xh|
n

(3.20)

The entropy of the random variable is equal to
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H(C) = −
K∑

h=1

P (h) log P (h) (3.21)

The joint distribution P (h, h∗) is defined by

P (h, h∗) =
|Xh

⋂X ∗
h∗|

n
(3.22)

Then the mutual information between two clusterings C and C∗ is defined to be

I(C, C∗) =
K∑

h=1

K∗∑

h∗=1

P (h, h∗) log
P (h, h∗)

P (h)P ∗(h∗)
. (3.23)

The variation of information between two clusterings C and C∗ is

V I(C, C∗) = H(C|C∗) + H(C∗|C)

= [H(C)− I(C, C∗)] + [H(C)− I(C, C∗)]
= H(C) + H(C∗)− 2I(C∗, C) (3.24)

which can be interpreted as the sum of the amount of information left on C given C∗ and

the amount of uncertainty about C∗ given the presence of C. It has been shown that VI

is a metric and bounded, V I(C, C∗) ≤ log n. Small values of VI indicate good cluster

quality of the clustering algorithm. VI is 0 if and only if the perfect real clustering with

respect to the external criterion is obtained.

In many circumstances experimental data sets may be obtained without prior knowl-

edge of class labels of data points. For example, in the case of microarray data the

functional information of most of the genes is still under investigation. Thus true clus-

ter labels of the genes, in the context of gene clustering, are unknown. Internal indices

provide alternative ways to evaluate the predictive power of clustering algorithms in

situations where there are no predefined classes and no desirable relations among data

points. Most internal indices make use of the information from the data set and the real

clustering {Xh}K
h=1 to measure how good the clustering is. There exist validity indices

for soft clustering that only involve membership values of data points [17]. Isolation

and compactness of clusters are utilized to evaluate the goodness of fit between the
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clustering and the input data [18]. In [18] the popular Dunn’s validity indexes are pre-

sented and analyzed in detail. Another widely used internal criterion for the evaluation

of clusterings is the one proposed by Shamir and Sharan [68] which is also based on

homogeneity and separation of clusters. In [68] homogeneity is defined as the aver-

age similarity between data points and their cluster centers whereas separation is the

weighted average similarity between cluster centers. All of the previously proposed

internal indexes are intuitively understandable, but they have two common disadvan-

tages. First, they are not proposed based on the information aspect of the clustering

problem. And second, the use of these indexes is often not clearly specified, e.g. which

clustering algorithms can be appropriately compared to each other by utilizing the in-

dexes. Comparing two clustering approaches using different similarity measures is

hardly reasonable in our opinion, as they are motivated from different view points. We

now design a new internal index to support the comparison of clustering algo-

rithms for spherical data, in which a common cosine similarity measure between

data points is utilized.

Let X denote a random variable that takes values in the fixed hypersphere Sµ. The

optimal predictor in Sµ of the random variable with respect to the L2-loss function is

y∗ = arg min
y∈Sµ

E[‖X − y‖2] =

√
µE[X]

‖E[X]‖ (3.25)

The expected loss of X given the optimal L2 predictor, called spherical information

of X , is accordingly

IS(X) = E[‖X − y∗‖2] (3.26)

The more the spherical information, the more scattered the actual values of the

random variable. This gives rise to the following criterion:

Given a random variable X that only takes values in X = {xi}n
i=1 ⊂ Sµ with

uniform distribution, and a partition {Xh}K
h=1 with corresponding directional cluster

centers {µh}K
h=1 ⊂ Sµ and probability distribution {πh}K

h=1. Let Xh denote the random

variable that only takes values in Xh. The homogeneity of the partition is defined as

the expected spherical information of the partition



3.3. Performance comparison of different clusterings 56

Eπ[IS(Xh)] =
K∑

h=1

πh

∑
xi∈Xh

1
n

πh

‖xi − µh‖2

=
1

n

K∑

h=1

∑
xi∈Xh

‖xi − µh‖2

= 2(µ− 1

n

K∑

h=1

∑
xi∈Xh

〈xi, µh〉) (3.27)

The separation of clusters is taken as

IS(M) = E[‖M − µ∗‖2]

=
K∑

h=1

πh‖µh − µ∗‖2

= 2(µ− 1

n

K∑

h=1

|Xh|〈µh, µ
∗〉) (3.28)

where M is the random variable that only takes on values {µh}K
h=1 and µ∗ is the optimal

L2 predictor of M .

Hence, the following criteria can be used to measure the cluster quality on spherical

data

Havg =
1

n

K∑

h=1

∑
xi∈Xh

〈xi, µh〉
‖xi‖‖µh‖ (3.29)

Savg =
1

n

K∑

h=1

|Xh| 〈µh, µ
∗〉

‖µh‖‖µ∗‖ . (3.30)

A good clustering should have a high value of Havg and a small value of Savg. The

internal index can be used to compare clustering algorithms in which cosine similarity

is taken to evaluate the closeness between data points. As can be observed, Havg is

the average of the cosine similarities between all data points and their cluster repre-

sentatives and is explicitly the objective that spherical k-means aims to maximize. So

when comparing the performance of the normalized EM and spherical k-means, it is

adequate to utilize only Havg as a measure of homogeneity.
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Actually part of our index, Havg has been utilized in [10] for comparing cluster-

ings of gene expression data. However, as aforementioned the internal index in [10]

including Havg is only intuitively motivated from the general criteria of the clustering

problem.

3.4 Experimental Results

The stability and the capability of working directly with high dimensional gene

expression data in both contexts of gene and sample clusterings of the normalized

EM clustering is demonstrated for nine microarray data sets:

1. acute leukemia [40].

2. colon [6].

3. MLL-translocation acute leukemia [8].

4. pediatric acute leukemia [84].

5. combined yeast cell cycle [32].

6. yeast cell cycle of the five-phase criterion [85].

7. Barret’s esophagus [13].

8. yeast cell cycle of regulated genes [23].

9. human cell cycle [80].

These data sets are all very popular in the microarray literature. We make attempts

to select data sets from as many organisms as possible. We also try to offer illustra-

tions with data sets of significant difference in dimension, number of data points and

number of clusters if the true class labels are available. For the first four data sets

tumor clustering is performed and the other five data sets are utilized to illustrate the

gene clustering problem. We assess clusterings of the normalized EM for these gene

expression data sets with different values of µ and compare the obtained results with
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the ones produced by the unnormalized EM clustering (The EM algorithm for Gaus-

sian mixture model-based clustering), spherical k-means and Gaussian parsimonious

clusterings. It should be noted that the analysis is only provided for the values of µ

in the range from 15 to 350. For µ bigger than 350 the iterative procedure of the nor-

malized EM involves computations of large exponentials. Another point that needs

to be pointed out here is that there two ways of initializations commonly applied for

clustering algorithms. They are uniform initialization, where parameters are selected

uniformly at random from their range, and sample initialization where cluster mean

vectors are selected from initial observations at random. The normalized EM is sta-

ble with both of the two ways of initializations and gives similar clustering outcomes

whereas other clustering algorithms compared to are only stable with sample initializa-

tion. However, even using the better way of initialization other clustering algorithms

are still not comparable to the normalized EM in term of cluster quality regardless of

using any of the two ways of initializations.

In this section the analysis of the convergence speed of the normalized EM for

the first six microarray data sets is also presented to give a rough idea of which

appropriate values of µ should be chosen to maximize the cluster quality of the

normalized EM. For the last three data sets since the number of clusters is unknown,

it is cumbersome to show the analysis of the convergence speed. The convergence

speed of the normalized EM algorithm here is measured through the average number

of iterations till the algorithm converges to an optimal solution. For each value of µ

the normalized EM is run several times with random initializations of mean vectors

and the average of the number of iterations of those runs are taken as the convergence

speed corresponding to that value of µ.

To better characterize the behavior of the clustering algorithms for the first three

data sets, a cutoff of twenty-five percent of the number of misclassified samples out of

all samples is set to determine the distinction between ”good” clusterings and ”poor”

ones, that is, a clustering is good if the number of misclassified samples out of all

samples is less than twenty-five percent or poor otherwise. For the fourth, fifth and

sixth data sets, VI is utilized to assess the clustering outcomes of different algorithms.
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For the last three data sets, due to the lack of the information about true class labels of

data points and the difference in similarity measures used in the normalized EM and

the unnormalized EM, we only compare the normalized EM with spherical k-means

using the internal index for spherical data described in section 3.3.

3.4.1 Sample clustering

Case study 1: acute leukemia data

This data set was originally described and analyzed by Golub et al in [40]. The data set

we used consisted of 38 samples × 5000 genes. These 38 samples were supposed to

be categorized into three classes corresponding to three subtypes of leukemia: ALL-B,

ALL-T and AML.

Table 3.1 shows the clustering results of the normalized EM for this data set. The

normalized EM was stable with µ in the range from 15 to 350 even with two ways of

random initializations. It can be seen that within the range of µ where the normalized

EM worked well, the number of misclassified samples were around two. The normal-

ized EM worked best, typically only one misclassified sample for 17 ≤ µ ≤ 25. The

statistics of convergence speed summarized in Table 3.1 and Figure 3.1 show that the

”best” values of µ mentioned above are occur right after the ones corresponding to the

dramatic decrease in the average number of iterations.
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µ Average

number of

iterations

Average number of

misclassified samples

Least number of

misclassified

samples

Good Poor

15 48 3(20) (0) 3(20)

17 41.3 1(20) (0) 1(20)

20 28.1 1(20) (0) 1(20)

25 25.2 1(19) 15(1) 1(19)

30 18.8 2.2(18) 14(2) 1(6)

40 13.2 2.4(19) 1(1) 1(6)

50 12.9 2.7(16) 14(4) 1(4)

70 11.9 2.7(18) 13(2) 1(4)

90 11.7 2.4(18) 14.5(2) 1(4)

120 8.7 1.8(17) 16(3) 1(7)

150 10.1 2.3(16) 13.5(4) 1(4)

200 9.8 2.3(16) 15.8(4) 1(1)

250 9.0 2.1(15) 14(5) 0(3)

300 9.3 2.4(15) 13.4(5) 1(4)

350 8.7 2.2(14) 15.7(6) 1(4)

Table 3.1: Clustering results of the normalized EM algorithm on the acute leukemia

data set. Enclosed in parentheses are the number of times observing the corresponding

results among 20 runs.
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Figure 3.1: Convergence speed of the normalized EM on the acute leukemia data set.

Number of

components

Average number of

misclassified samples

Least number of

misclassified

samples

Good Poor

3 6(10) (0) 6(10)

4 7.8(6) 17.75(4) 6(2)

5 7(5) 15.6(5) 5(1)

6 6.25(4) 14.5(6) 3(1)

7 5(1) 15.78(9) 5(1)

8 7(3) 15(7) 6(1)

Table 3.2: Clustering results of the unnormalized EM on the reduced acute leukemia

data set. Enclosed in parentheses are the number of times observing the corresponding

results among 10 runs.
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Number of

components

Average number of

misclassified samples

Least number of

misclassified

samples

Good Poor

3 2(10) 2(10)

4 2.3(8) 14.5(2) 2(7)

5 3(9) 17(1) 3(9)

6 3.6(7) 14(3) 3(6)

7 3.3(10) 3(9)

8 3.7(9) 15(1) 3(3)

Table 3.3: Clustering results of the normalized EM on the reduced acute leukemia

data set. Enclosed in parentheses are the number of times observing the corresponding

results among 10 runs.

We next analyze the unnormalized EM clustering for this data set. As the algorithm

is unable to work with high dimensional data sets, we have to apply data reduction

techniques first to reduce the dimension of the data. Here PCA was utilized to reduce

the dimension of the data set from 5000 genes to only a few gene components q. Table

3.2 represents clusterings of the unnormalized EM on the reduced data set with random

initializations. Those results tell us that the unnormalized EM might critically depend

on the initial values for its own iterative procedure.

For a fair comparison clustering performance of the normalized EM on the reduced

data set of 38 q-dimensional samples is also provided, see Table 3.3. The typical value

of µ taken here was 50. It should be noted that similar clustering results were obtained

for 15 ≤ µ ≤ 350. Overall we realized that the normalized EM gave better clustering

results compared to the combination of PCA and the unnormalized EM. Furthermore,

even for the reduced data set the normalized EM has been proven to be more stable as

well.

Table 3.4 represents clusterings of spherical k-means. We find that spherical k-
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Cluster quality Average number

misclassified samples

Number of times

observing the

corresponding results

Good 2.93 14

Poor 14.7 6

Best 0 1

Table 3.4: Clustering results of spherical k-means on the acute leukemia data set (20

runs were performed).

means was stable on this acute leukemia data set. However, with the values of µ,

e.g from 17 to 25, where the normalized EM worked best, spherical k-means was not

comparable to the normalized EM in term of clustering outcomes, see the results shown

in Tables 3.1 and 3.4 for confirmation.

Case study 2: colon data

This data set consisted of 62 samples × 2000 genes. These 62 samples were supposed

to be categorized into two classes: tumor colon tissue samples and the other normal

ones. The 2000 human genes in this data set were those with highest minimal intensity

across samples, which were selected among the total of 6500 genes in the original

data set introduced by Alon et al [6], those who produced and also performed cluster

analysis on this colon data.
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µ Average

number of

iterations

Average number of

misclassified samples

Least number of

misclassified

samples

Good Poor

15 40.1 9(15) 24(5) 9(15)

20 22.9 7(17) 23(3) 7(17)

30 17.2 7(16) 24(4) 7(16)

33 16.0 6(16) 24(4) 6(16)

40 14.4 6(16) 24(4) 6(16)

70 13.4 6(17) 24(3) 6(17)

100 11.5 6(15) 25.2(5) 6(15)

150 10.8 6(15) 26.8(5) 6(15)

200 9.1 6(14) 25.2(6) 6(14)

250 10.9 6(14) 25.9(6) 6(14)

300 9.2 6(13) 24.6(7) 6(13)

350 11.0 7.43(14) 24.3(6) 6(9)

Table 3.5: Clustering results of the normalized EM on the small colon data set. En-

closed in parentheses are the number of times observing the corresponding results

among 20 runs.

With the values of µ in the range from 50 to 350, the normalized EM was able

to produce the results with only 6 misclassified samples which matched the results

produced using supervised classification, e.g. by Furey et al [38]. The 6 misclassified

samples here are three tumor samples (T30, T33, T36) and the other three normal (n8,

n34, n36). Note that samples were labeled following Alon et al’s paper [6]. In their

work, Alon et al also reported their clusterings of this data set with 8 misclassified

samples, three normal to tumor class (n8, n12, n34) and five tumor to normal class (T2,

T30, T33, T36, T37). It has been observed that among the 8 misclassified samples, 5

were misclassified by the normalized EM. Nevertheless, to clearly demonstrate the
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Figure 3.2: Convergence speed of the normalized EM on the reduced colon data set

power of the normalized EM clustering, we offer the analysis on the small data set

of 62 samples × 500 genes (Genes were selected from the data set of 62 samples ×
2000 genes using t-statistics given known class labels). Table 3.5 shows the detailed

performance of the normalized EM on the small colon data set. As can be seen, the

normalized EM was stable, usually only 6 misclassified samples for µ in the range

from 20 to 350. Similarly, for acute leukemia data, as shown in Table 3.5 and Figure

3.2, the values of µ where the normalized EM worked best, e.g. values of µ from 33 to

70, follow right after the ones corresponding to the steepest drop in the average number

of iterations.
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Number of

components

Average number

of misclassified

samples

Least number of

misclassified

samples

Good Poor

3 (0) 27.5(10) 25(1)

4 (0) 22.4(10) 18(2)

5 (0) 23.9(10)) 17(2)

6 (0) 24.3(10) 16(1)

7 (0) 24.8(10) 16(1)

8 (0) 25(10) 21(1)

Table 3.6: Clustering results of the unnormalized EM on the reduced colon data set.

Enclosed in parentheses are the number of times observing the corresponding results

among 10 runs.

As we already know the unnormalized EM algorithm for Gaussian mixture model-

based clustering is not capable of dealing with the situation where the number of data

points is smaller than the dimension of the data, we had to resort to PCA in order to

reduce the data set of 62 samples × 500 genes to the one of 62 q-dimensional samples.

The clusterings of the unnormalized EM on the reduced data set of dimension q are

shown in Table 3.6. As can be observed, the normalized EM with the support of PCA

here failed to detect the distinction between tumor and normal tissues in the colon data.

The main reason is that PCA was unable to preserve the inherent cluster structure of

the data.

On the other hand, spherical k-means was able to produce stable clusterings on

the data set of 62 samples × 500 genes but not comparable to the normalized EM in

recovering cluster structure of the data, see the results given in Tables 3.5 and 3.7 for

verification.
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Cluster quality Average number of

misclassified samples

Number of times

observing the result

among 20 runs

Good 8.1 15

Poor 26.2 5

Best 6 4

Table 3.7: Clustering results of spherical k-means on the colon data set.

Case study 3: MLL-translocation acute leukemia data

This data set consisted of 72 samples × 12582 genes. It was originally described and

analyzed in [8]. Those 72 samples were supposed to be categorized into 3 leukemia

subtypes: ALL, MLL and AML. To be more specific, there are 24 ALL samples, 30

MLL samples and 18 AML samples in the data set. For the sake of clear illustration,

a small data set of 500 genes was extracted from the original data set using t-statistic.

Our analysis of the normalized EM and other related algorithms were carried out for

the small data set.

Table 3.8 shows the clustering of the normalized EM for this data set. As can be

seen, the normalized EM produced stable clusterings when µ was in the range from

15 to 350. The normalized EM worked best, typically only 4 misclassified samples,

for 50 ≤ µ ≤ 60. From Figure 3.3, it can be observed that the ”best” values of µ

occur directly after those corresponding to the sudden drop in the average number of

iterations.
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µ Average

number of

iterations

Average number of

misclassified samples

Least number of

misclassified

samples

Good Poor

15 42.8 9(19) 24(1) 9(19)

20 27.4 7(15) 27(5) 7(15)

45 51.6 7(17) 26.7(3) 7(17)

50 38.8 4.83(18) 28(2) 4(11)

55 29.8 4.7(17) 28(3) 4(13)

60 32.6 4.5(18) 23.5(2) 4(15)

100 15.5 6.4(15) 28(5) 3(3)

150 12.7 6.9(17) 26(3) 3(2)

200 11.9 7.4(18) 25.5(2) 3(1)

250 12.2 7.4(16) 27.8(4) 3(1)

300 8.4 6.5(17) 25.3(3) 3(2)

350 8.4 5.7(17) 23.3(3) 3(3)

Table 3.8: Clustering results of the normalized EM on the MLL-translocation acute

leukemia data set. Enclosed in parentheses are the number of times observing the

corresponding results among 20 runs.
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Figure 3.3: Convergence speed of the normalized EM for the MLL-translocation acute

leukemia data

We next analyze the performance of the unnormalized EM for this data set. Again

PCA was utilized to reduce the dimension of the data set from 500 genes to only a few

gene components q. Table 3.9 shows the clustering results of the unnormalized EM on

this data set. As apparent, the unnormalized EM with the support of PCA produced

very poor cluster quality.
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Number of

components

Average number of

misclassified samples

Least number of

misclassified

samples

Good Poor

3 13.7(10) (0) 9(5)

4 13(4) 27.7(6) 9(1)

5 12(3) 28.6(7) 9(1)

6 10.5(2) 27.8(8) 9(1)

7 10.7(3) 24.9(7) 10(2)

8 14(3) 28.7(7) 12(1)

Table 3.9: Clustering results of the unnormalized EM on the reduced MLL-

translocation acute leukemia data set. Enclosed in parentheses are the number of times

observing the corresponding results among 10 runs.
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Number of

components

Average number of

misclassified samples

Least number of

misclassified

samples

Good Poor

3 9.3(10) (0) 9(9)

4 9(10) (0) 9(10)

5 9(9) 29(1) 9(9)

6 9(10) (0) 9(10)

7 9(10) (0) 9(10)

8 10.2(10) (0) 9(3)

Table 3.10: Clustering results of the normalized EM on the reduced MLL-translocation

acute leukemia data set. Enclosed in parentheses are the number of times observing

the corresponding results among 10 runs.

For a fair comparison, clustering outcomes of the normalized EM on the reduced

leukemia data set of 72 q-dimensional samples is also provided in Table 3.10. The

typical value of µ taken here was 100. It should be noted that similar clustering results

were obtained for 50 ≤ µ ≤ 350. In brief, we found that the normalized EM gave

better clustering results compared to the unnormalized EM with the support of PCA.

Furthermore, on the reduced data set the normalized EM has been shown to more stable

than the unnormalized EM as well.

Table 3.11 represents clustering performance of spherical k-means on the MLL-

translocation acute leukemia. As can be observed, spherical k-means was also stable

on this data set. However, with the values of µ in the range where the normalized EM

worked best, it gave more better cluster quality compared to spherical k-means. The

reader is referred back to Tables 3.8 and 3.11 for confirmation.
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Cluster quality Average number of

misclassified samples

Number of times

observing the result

among 20 runs

Good 7 14

Poor 27 6

Best 4 1

Table 3.11: Clustering results of spherical k-means on the MLL-translocation acute

leukemia data set.

Case study 4: pediatric acute leukemia data

The original data set consisted of 327 samples × 12625 genes and were described in

[84]. These 327 samples were supposed to be categorized into 7 classes corresponding

to 7 leukemia subtypes: BCR-ABL, E2A-PBX1, Hyperdip50, MLL, T-ALL, TEL-

AML1 and the other samples.

For the purpose of clear analysis, we only took a small subset of the original data,

where the relevant genes were selected using feature correlation selection (CFS) as

shown publicly at http://www.stjuderesearch.org/data/ALL1. This small data set only

consists of 327 samples × 345 genes. Our analysis and comparison were carried out

for the small data set.

Table 3.12 shows the clustering results of the normalized EM on the pediatric acute

leukemia data set. As shown, values of VI are smallest for µ around 50 and Figure 3.4

indicates that these values of µ are those right after the ones corresponding to a notable

decrease in the average number of iterations.
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µ 30 40 50 100 150 200 250 300 350

1.57 1.29 1.58 1.38 1.48 1.54 1.53 1.6 1.68

1.57 1.58 1.17 1.08 1.6 1.73 1.57 1.44 1.29

1.28 1.5 1.53 1.18 1.18 1.53 1.65 1.53 1.46

1.16 1.34 1.17 1.61 1.6 1.46 1.72 1.32 1.42

VI
1.54 1.16 1.34 1.5 1.18 1.39 1.42 1.43 1.33

1.37 1.39 1.17 1.5 1.38 1.58 1.44 1.49 1.5

1.57 1.58 1.17 1.5 1.6 1.46 1.71 1.53 1.47

1.57 1.38 1.40 1.42 1.58 1.30 1.2 1.31 1.43

1.57 1.16 1.40 1.18 1.11 1.44 1.63 1.59 1.52

1.38 1.36 1.27 1.5 1.63 1.44 1.5 1.22 1.5

Average VI 1.46 1.37 1.32 1.39 1.43 1.49 1.54 1.45 1.46

Average

number of

iterations

118.9 82.6 79.1 56.3 59.7 67.1 44.2 55.4 41.5

Table 3.12: VI values produced by the normalized EM on the pediatric acute leukemia

data (10 runs were performed for each value of µ).
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Figure 3.4: Convergence speed of the normalized EM on pediatric acute leukemia data

set
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Based on the information from Tables 3.12 and 3.13, the normalized EM gave bet-

ter clustering performance compared to the combination of PCA and the unnormalized

EM. We also performed clustering on the reduced data set of q-dimensional samples

obtained after applying PCA on the data set of 327 samples × 345 genes. As can be

seen from Table 3.14, the normalized EM also gave us smaller corresponding average

VI values for each of the selected number of principal components q on the reduced

data set.

q 3 4 5 6 7 8 9

2.48 2.12 2.32 1.99 2.47 1.79 2.29

2.45 2.47 2.33 2.5 1.91 2.58 2.06

2.46 1.83 2.42 2.45 2.37 2.16 1.91

2.39 2.4 2.22 1.88 2.11 2.19 2.64

VI
2.53 2 2.42 2.86 2 2.58 2.52

2.37 2.11 2.37 2.4 2.12 1.89 2.17

2.4 1.77 2.58 2.08 1.62 1.78 1.72

1.94 2.02 2.22 2.65 1.82 1.99 2.09

2.51 2.08 2.21 2.01 2.82 1.94 2.37

2.7 2.15 2.45 2 1.82 1.87 2.19

Average VI 2.42 2.09 2.35 2.28 2.11 2.08 2.2

Table 3.13: VI values produced by the unnormalized EM coupled with the support of

PCA on the pediatric acute leukemia data set (10 runs were performed for each value

of q)
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q 3 4 5 6 7 8 9

2.18 1.99 2.08 1.98 1.77 1.73 1.66

2.14 1.99 2.17 2.02 1.75 1.82 1.81

2 2.08 2.04 1.99 2.21 1.65 2.07

2.23 1.99 2.03 2.02 2.18 1.73 1.73

VI
2 1.99 2.14 2 2.07 1.8 1.66

2.3 1.99 2.03 2.01 1.78 1.73 1.73

2.23 2.08 2.04 2 1.75 1.73 1.66

2.14 1.99 1.94 2.17 1.78 1.65 2.06

2.18 2.06 2 2 2.2 1.73 1.66

2 1.99 2.14 1.88 1.75 2.12 1.73

Average VI 2.14 2.01 2.06 2.01 1.92 1.77 1.78

Table 3.14: VI values for normalized EM clustering on the reduced pediatric leukemia

data set

Next we analyze the outcomes using spherical k-means clustering on the pediatric

acute leukemia data set of 327 samples × 345 genes. Given the results presented in

Tables 3.12 and 3.15, we find that with the values of µ where the normalized EM

worked best, e.g. µ = 50, it constantly produced smaller values of VI compared to

spherical k-means.

VI
1.64 1.42 1.78 1.88 1.41 1.6 1.13 1.73 1.64 1.64

1.64 1.42 1.78 1.88 1.41 1.6 1.13 1.73 1.64 1.64

Average VI 1.59

Table 3.15: Clustering results of spherical k-means on the pediatric acute leukemia

data set using VI index(20 runs were performed).
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3.4.2 Gene clustering

Case study 1: combined yeast cell cycle data

This combined yeast cell cycle data set was collected, analyzed and described by Eisen

et al [32]. It consists of 2467 genes across 79 experiments and is publicly available at

http://genome-www.stanford.edu/clustering/. The experimental data set analyzed here

contains only 134 genes across 79 experiments and is a subset of the combined yeast

cell cycle data set. This data set is known to include 9 clusters corresponding to func-

tionally related genes involved in spindle pole body assembly and function, protea-

some, mRNA splicing, glycolysis, mitochondrial ribosome, ATP synthesis, chromatin

structure, DNA replication, and tricarboxylic acid cycle and respiration. For more

information of these genes, see FIG. 2 in [32].
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Figure 3.5: Convergence speed of the normalized EM on the yeast cell cycle data set



3.4. Experimental Results 78

µ 4 10 40 70 100 150 200 250 350

0.54 0.37 0.71 0.56 0.63 0.53 0.41 0.65 0.45

0.56 0.61 0.56 0 0.14 0.57 0.88 0.77 0.4

0.49 0.39 0.22 0.81 0.82 0.22 0.68 0.74 0.14

0.54 0.42 0.52 0.14 0.49 0.49 0.75 0.46 0.47

VI
0.82 0.22 0.67 0.65 0.56 0.22 0.75 0.3 0.66

0.56 0.22 0.14 0.68 0.86 0.68 0.53 0.74 0.84

0.56 0.55 0.34 0.32 0.54 0.8 0.52 0.56 0.14

0.46 0.42 0.46 0.56 0.22 0.22 0.64 0.21 0.54

0.56 0.39 0.61 0.56 0.56 0.78 0.08 0.94 1.61

0.54 0.75 0.21 0.56 0.49 0.65 0.75 0.86 0.71

Average VI 0.56 0.43 0.44 0.48 0.53 0.52 0.6 0.62 0.6

Average

number of

iterations

72.4 39.7 19.3 25.4 11.8 14.7 12.8 12.7 9.1

Table 3.16: VI values for normalized EM clustering on the combined yeast cell cycle

data set (10 runs were performed for each value of µ)
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EII VII EEI VEI EVI VVI EEE

0.27 0.54 0.58 0.78 0.99 1.49 5.37

0.44 0.58 1.18 0.95 1.96 1.38 5.1

0.71 0.63 0.92 0.95 1.42 1.31 5.16

0.63 0.6 0.67 0.8 1.75 1.32 5.4

VI
0.83 0.38 0.78 1.04 0.69 1.42 5.14

0.27 1.13 0.58 0.79 1.76 1.28 5.09

0.51 0.14 1.03 0.7 1.43 1.43 5.32

0.34 0.34 0.77 1.03 1.49 1.28 5.44

0.44 0.73 0.99 0.59 1.14 1.66 5.2

0.51 0.84 0.75 0.98 0.82 1.56 5.29

Average VI 0.5 0.59 0.83 0.86 1.35 1.41 5.25

Table 3.17: Clustering results of Gaussian parsimonious clustering models on the com-

bined yeast cell cycle data set (10 runs were performed for each clustering model)

Tables 3.16 and 3.18 show clustering results of the normalized EM and spherical

k-means on the yeast cell cycle data set respectively. The normalized EM produced

small values of VI with µ in the range from 4 to 350 and achieved the lowest values

of VI when µ was around 10. As shown from Figure 3.5, these values of µ are those

right after the ones having sharp decrease in the corresponding number of iterations.

Also it can be seen that spherical k-means performed similar to the normalized EM

when µ was in the range from 40 to 350. However, with the ”best” values of µ as

mentioned above (µ around 10), the normalized EM consistently produced smaller

values of VI in comparison with spherical k-means. It should be noted that clustering

results of the unnormalized EM are not provided here as the algorithm failed to work

on the high dimensional data set caused by the near singular estimated matrices in the

unnormalized EM.

One of the popular and effective clustering approaches for clustering genes is Gaus-

sian parsimonious clusterings [85], [39]. In [85], Yeung et al utilized some of these
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VI
0.46 0.22 0.35 0.97 0.68 0.52 1.02 0.96 0.43 0.81

0.46 0.22 0.35 0.97 0.68 0.52 1.02 0.96 0.43 0.81

Average VI 0.64

Table 3.18: Clustering results of spherical k-means on the combined yeast cell cycle

data set using VI index (10 runs were performed)

models for clustering gene expression data and showed that they worked comparable to

CAST [14], a leading heuristic-based clustering algorithm. The performance of Gaus-

sian parsimonious clusterings on this data set were also examined using Mclust pack-

age [36]. In Mclust, ten Gaussian mixture models for clustering were implemented.

For this data set three ellipsoidal models EEV, VEV and VVV were not capable to work

on this data set as the near singularity of the estimated covariance matrices was very

often encountered. As a result, we only show clustering outcomes of the remaining

seven clustering models implemented in Mclust and compare them with the cluster-

ings produced by the normalized EM. It should be noted that in [85], the authors made

use of mixture model-based hierarchical clusterings [35], [63] to initialize the iterative

clustering procedures of the EM algorithm. However, to be fair in the comparison with

the normalized EM random initializations were used for Gaussian parsimonious clus-

terings. Besides, we notice again that a major distinction between the unnormalized

EM (the traditional EM algorithm for Gaussian mixture model-based clustering) and

the EM algorithm for Gaussian parsimonious clustering models is in the E step of the

latter approach classification of data points is performed to define a fuzzy partition of

the data based on the estimated posterior probabilities and then the expectation of the

marginal log-likelihood is computed. For further clarification of this, see [22].

Table 3.17 shows the performance of Gaussian parsimonious clusterings on the

yeast cell data set with random initializations. It is observed that the five clustering

models EEI, VEI, EVI, VVI and EEE consistently produced higher average values

of VI compared to the normalized EM. The other two models EEI and VII are quite

comparable to the normalized EM in terms of clustering outcomes. However, when the
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normalized EM worked best, e.g. µ was around 10, it can be seen that the normalized

EM produced more stable clustering results compared to the two clustering models.

Case study 2: yeast cell cycle data of the five-phase criterion

This data set was created and used by Yeung et al [85]. It consisted of 384 genes across

17 experiments and was supposed to include five clusters corresponding to five phases

during the mitotic cell cycle: Early G1, Late G1, S, G2 and M. It should be noted that

beside the original raw data set, the standardized data set derived from the original is

also taken to analyze. Both the two data sets have been made publicly available by

Yeung et al at http://faculty.washington.edu/kayee/cluster/.

Table 3.19, 3.20 and 3.21 show the clustering results of the normalized EM, spheri-

cal k-means and the unnormalized EM on the raw data set respectively. Similar results

were also obtained on the standardized data set for the normalized EM and spherical

k-means. The unnormalized EM was yet unable to work on the standardized data set

as the data are correlated.

On the raw data set, the normalized EM produced small values of VI in the range

from 20 to 350 and achieved the lowest values of VI when µ was approximately from

20 to 25. As shown in Figure 3.6, these values occur directly before those correspond-

ing to the sharp increase in the number of iterations. Also it can be seen that spherical

k-means produced the results with a bit bigger values of VI compared to the normal-

ized EM even with various values of µ in the range from 20 to 350. In particular, when

the normalized EM worked best, e.g. µ = 20, spherical k-means gave lower cluster

quality compared to the normalized EM.
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µ 20 25 30 40 70 100 200 300 350

1.96 1.91 2.26 2.01 2.27 2.04 2.07 2.06 2.1

1.93 2.02 1.98 2.05 2.27 2.04 2.05 2.28 2.08

1.93 1.92 1.98 2.05 2.13 2.05 2.28 2.06 2.06

1.93 1.93 2.26 2.26 2.13 2.12 2.05 2.13 2.28

VI
1.93 1.94 1.98 2.01 2.13 2.27 2.28 2.23 2.06

1.86 1.94 2.26 2.26 2.03 2.04 2.11 2.28 2.28

1.94 1.93 2.26 2.05 2.03 2.04 2.05 2.08 2.28

1.93 2.02 1.98 2.26 2.03 2.04 2.19 2.06 2.14

1.96 1.92 1.98 1.95 2.13 2.27 2.07 2.06 2.28

1.93 2.02 2.26 2.01 2.03 2.27 2.05 2.08 2.28

Average VI 1.93 1.96 2.12 2.09 2.12 2.12 2.12 2.13 2.18

Average

number of

iterations

72.5 113 243.3 96.2 41.4 29.3 33.8 67 33

Table 3.19: VI values for normalized EM clustering on the raw yeast cell cycle data

set (10 runs were performed for each value of µ)
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VI
2.25 2.05 2.3 2.07 2.16 2.13 2.25 2.27 2.16 2.17

2.15 2.16 2.11 2.3 2.12 2.27 2.27 2.09 2.3 2.23

Average VI 2.19

Table 3.20: Clustering results of spherical k-means on the raw yeast cell cycle data set

(20 runs were performed)

VI
3.59 3.75 3.73 3.5 3.64 3.73 3.58 3.61 3.5 3.78

3.59 3.75 3.73 3.5 3.64 3.73 3.58 3.61 3.5 3.78

Average VI 3.64

Table 3.21: Clustering results of the unnormalized EM on the raw data set (20 runs

were performed)
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Figure 3.6: Convergence speed of the normalized EM on the yeast cell cycle raw data

set

EII VII EEI VEI EVI VVI EEE EEV VEV VVV

3.75 4.27 4.19 4.29 3.68 4.12 2.95 3.82 3.99 3.84

3.64 4.27 4.19 4.29 3.71 4.15 3.44 3.86 3.91 3.65

3.61 4.27 3.72 4.29 3.53 4.23 3.07 3.62 3.89 3.89

3.69 3.9 3.75 4.29 3.74 4.14 3.13 3.88 3.98 3.77

VI
3.75 4.27 3.75 4.29 3.6 3.97 3.01 3.88 3.9 3.89

3.75 4.01 3.77 4.29 3.71 4.14 3.5 3.74 3.77 3.8

3.61 4.27 4.19 4.28 3.8 4.11 3.05 3.82 3.92 3.69

3.61 3.89 4.19 4.29 3.72 3.88 3.44 4.01 3.83 3.86

3.61 4.19 4.19 4.29 3.71 3.96 3.09 3.85 3.92 3.87

3.64 4.27 4.19 4.29 3.68 4.01 2.97 3.78 3.75 3.72

Average VI 3.67 4.16 4.01 4.29 3.69 4.07 3.17 3.83 3.89 3.8

Table 3.22: Clustering results of Gaussian parsimonious clustering models on the raw

yeast cell cycle data set (10 runs were performed for each clustering model)
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EII VII EEI VEI EVI VVI EEE EEV VEV VVV

2.32 2.32 2.2 2.11 2.16 2 2.06 3.71 3.21 3.13

2.17 2.32 2.2 2.34 2.16 2.18 2.21 3.17 3.63 3.26

2.17 2.32 2.33 2.22 1.94 2.11 2.15 3.13 3.46 3.49

2.17 2.04 2.2 2.13 2.16 2.16 1.98 3.32 3.6 3.03

2.32 2.09 2.06 2.23 1.94 2.11 2 3.62 3.71 3.16

2.32 2.32 2.2 2.3 2.16 2.09 2.24 3.43 3.21 3.3

2.32 2.04 2.33 2.34 2.14 2.29 2.12 3.24 3.32 3.32

2.32 2.17 2.33 2.13 2.06 2.13 2.1 3.27 3.29 3.46

2.32 2.03 2.33 2.34 1.94 2.18 2.24 3.96 3.32 3.38

2.32 2.17 2.06 2.13 1.94 2.13 2.3 3.37 3.41 3.54

Average VI 2.28 2.18 2.22 2.23 2.06 2.14 2.14 3.42 3.42 3.31

Table 3.23: Clustering results of Gaussian parsimonious clustering models on the stan-

dardized yeast cell cycle data set (10 runs were performed for each clustering model)

In [85] Yeung et al utilized five typical Gaussian parsimonious models for clus-

tering this yeast cell cycle data: EI(EII), VI(VII), VVV, diagonal and EEE. We again

examined the clustering results of Gaussian parsimonious clusterings including these

five models on this data with the number of clusters K = 5 using Mclust package [37].

Table 3.22 and Table 3.23 show the clustering performance of Gaussian parsimo-

nious clustering on the raw and standardized data sets respectively. As can be seen,

Gaussian parsimonious clusterings failed to recover the cluster structure of the data and

produced much higher values of VI compared to the normalized EM. On the standard-

ized data set, except EEV, VEV and VVV models the other seven clustering models

were able to capture the similar expression patterns of the data and produced similar

values of VI compared to the normalized EM with µ the range from 30 to 350. How-

ever, when the normalized EM worked best, e.g. µ = 20, it consistently produced

higher values of VI than did the all ten Gaussian parsimonious clustering models.
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Case study 3: Barrett’s esophagus data

The original experiments that produced this Barrett’s esophagus data were described

and analyzed in [13]. The data set we used consisted of 695 genes over 10 experiments.

The genes of the data set were those differentially expressed in tetraploid Barrett’s

epithelial cells compared to the gene set in diploid cells. We aim to compare the ability

of the normalized EM and spherical k-means to cluster these highly expressed genes

of 4N cells into groups of genes with similar expression patterns.
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Figure 3.7: Comparisons of cluster quality produced by the normalized EM (µ = 100)

and spherical k-means on the Barrett’s esophagus data
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Figure 3.8: Comparisons of cluster quality produced by the normalized EM (µ = 200)

and spherical k-means on the Barrett’s esophagus data

For each value of µ and each choice of the number of clusters K, the normalized

EM was run 10 times and corresponding Havg values were computed. Also for each

value of K, spherical k-means was run 10 times and Havg values of these clusterings

were obtained. Two typical examples of these statistics are shown in Figures 3.7 and

3.8. In fact, it is found that with the values of µ in the range from 40 to 350, the nor-

malized EM produced higher average values of Havg compared to spherical k-means

even with different choices of the number of clusters K.

Case study 4: yeast cell cycle data of regulated genes

This data set consisted of 800 genes across 77 experiments. These 800 genes were

selected to meet an objective minimum criterion for cell cycle regulation [71].
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Figure 3.9: Comparisons of cluster quality produced by the normalized EM (µ = 100)

and spherical k-means on the yeast cell cycle data set (of regulated genes)
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Figure 3.10: Comparisons of cluster quality produced by the normalized EM (µ = 200)

and spherical k-means on the yeast cell cycle data set (of regulated genes)

For this data, as we do not know the number of underlying clusters that the data

should have, the normalized EM and spherical k-means were compared by trying var-

ious choices of the number of clusters K. The summary comparison statistics are

shown in Figure 3.9 and Figure 3.10 to compare the predictive ability of the two clus-

tering algorithms. Note that for limited space, only the comparisons with µ = 100 and

µ = 200 are shown. It can be seen that compared to spherical k-means, the normalized

EM achieved higher values of Havg even with different values of µ as well as various

choices of K. This again demonstrates that the normalized EM produced a bit higher

cluster quality than spherical k-means. In fact, many other values of µ in the range

from 40 to 350 were taken for the normalized EM and similar conclusions were taken

out.

Case study 5: human cell cycle data

This data set represents the expression profiles of 1134 HeLa cell cycle clones in to-

tal 114 arrays over five time courses: Thy-thy1, Thy-Thy2, Thy-Thy3, Thy-Noc and

Shake. In their work [80], Whitfield et al showed that the 1134 clones correspond to
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874 cell-cycle regulated genes.

We again examined cluster quality of the normalized EM on this data set. Similarly,

as for Barrett’s esophagus data and yeast cell cycle of regulated gene data, we observed

that the normalized EM produced higher quality compared to spherical k-means even

with various values of µ from 40 to 350 and many choices of the number of clusters

K. Figures 3.11 and 3.12 just illustrate two typical examples.

Figure 3.11: Comparisons of cluster quality produced by the normalized EM and

spherical k-means on the human cell cycle data set (µ = 100).
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Figure 3.12: Comparisons of cluster quality produced by the normalized EM and

spherical k-means on the human cell cycle data set (µ = 200).

3.5 Summary

We have introduced and described a new normalized EM algorithm for clustering data

in a fixed hypersphere in order to identify groups of genes with similar expression

patterns or to detect clusters of samples with the same molecular subtypes using mi-

croarray data. The validity indices for evaluation of clusterings have been presented

from information theory perspective. The utility of the normalized EM has been con-

firmed by comparing its clustering results with the ones produced by the unnormalized

EM, spherical k-means and Gaussian parsimonious clusterings. Furthermore, we have

shown an interesting relationship between the convergence speed and the values of µ

at which the normalized EM works best in term of clustering outcomes on six out of

the nine experimental microarray data sets.



Chapter 4

Conclusions and future works

In this thesis, we studied fundamental concepts of molecular biology, microarray tech-

nology and clustering algorithms that are useful for extracting valuable biological

knowledge from gene expression data. We also proposed a novel normalized EM

algorithm for clustering gene expression data. The utility of the normalized EM

algorithm was demonstrated on nine microarray data sets in both contexts of gene and

sample clusterings. The performance of the normalized EM was analyzed using nine

microarray data sets. The results obtained from cluster analysis of the normalized EM

were consistent for all the experimental data sets.

More specifically, the normalized EM is stable for very high dimensional data

sets in both contexts of gene and sample clusterings even with random initializations

for its iterative clustering procedure. With the exception of our normalized EM

algorithm, no mixture model-based clustering approach in the microarray litera-

ture has been shown to be capable of categorizing tumor samples into meaningful

groups using gene expression data and without the support of dimension reduc-

tion techniques. The stability and the capability of working directly with very high

dimensional data sets of the normalized EM were demonstrated through the compari-

son with other related clustering algorithms including the unnormalized EM, spherical

k-means and Gaussian parsimonious clusterings. The performance analysis of the nor-

malized EM was shown for µ in the range from 15 to 350, as for µ bigger the iterative

procedure of the normalized EM involves the computation of very large exponentials.

93
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For the acute leukemia data, the normalized EM produced more stable cluster-

ings compared to the unnormalized EM with the support of PCA. With the values of

µ in the range from 17 to 350 the normalized EM produced good clustering results,

typically less than 3 misclassified samples out of the total of 38 leukemia samples

whereas the unnormalized EM with the involvement of PCA gave very unstable clus-

tering outcomes, only a few quite good clusterings with about 5 to 7 misclassified

samples among many runs. Even on the reduced data set obtained from applying PCA

on the original data, the normalized EM produced far better cluster quality compared

to the unnormalized EM. On the reduced data set a typical clustering result of the nor-

malized EM was from 2 to 4 misclassified samples. Also for this acute leukemia data

spherical k-means gave quite stable clusterings, about 3 misclassified samples on av-

erage. However, these results are still not as good as those produced by the normalized

EM when it worked best (17 ≤ µ ≤ 25).

For the colon data, on the data set of 62 samples 2000 genes the normalized EM

was able to produced the results with only 6 misclassified samples for 50 ≤ µ ≤ 350.

We offered a detailed analysis of the normalized EM on the small data set of 62 samples

× 500 genes for the sake of clear demonstration. On this data set the normalized EM

produced stable clusterings for 20 ≤ µ ≤ 350, typically only 6 misclassified samples

whereas it was clearly shown that PCA was unable to preserve the original cluster

structure on the reduced data, and as a result of this the unnormalized EM produced

very poor clustering outcomes, no observation of good clusterings among many runs.

Spherical k-means worked stable on this colon data but was still not comparable to the

normalized EM for 33 ≤ µ ≤ 70.

For the MLL-translocation acute leukemia data, the normalized EM gave stable

clusterings for 15 ≤ µ ≤ 350, typically less than 9 misclassified samples. The un-

normalized EM with the support of PCA, however, output very low cluster quality.

Among 10 runs for each selected gene component it produced a few good results with

typically more than 10 misclassified samples. Furthermore, even on the reduced data

set obtained from the original data set using PCA the normalized EM worked stably

as well, typically 10 good clusterings among 10 runs with about 9 misclassified sam-
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ples on average. On the original MLL-translocation acute leukemia data set spherical

k-means gave stable clustering results, 7 misclassified samples on average. Neverthe-

less, these results were still not as good as the ones produced by the normalized EM

for 50 ≤ µ ≤ 60.

For the pediatric acute leukemia data, the performance of different clusterings was

compared using the VI index. The smaller the index, the better the cluster quality.

With µ in the range from 30 to 350 the normalized EM clearly produced better clus-

terings compared to the combination of the unnormalized EM and PCA. In its perfor-

mance comparison with spherical k-means as can be observed, when the normalized

EM worked best (µ around 50), it consistently gave smaller values of VI compared to

spherical k-means.

For the combined yeast cell cycle data, the normalized EM was also compared with

other related algorithms using the VI index. The unnormalized EM was unable to work

on this high dimensional data set where the number of observations is not much larger

than the number of variables. Spherical k-means performed similar to the normalized

EM when µ was in the range from 40 to 350. However, when the normalized EM

worked best (µ around 10), it constantly output clusterings with smaller values of VI

compared to spherical k-means. In the comparison with Gaussian parsimonious clus-

terings we found that the three ellipsoidal models EEV, VEV and VVV were unable

to work on this data set as they encountered the problem of the near singularity of the

estimated covariance matrices. All the five models EEI, VEI, EVI, VVI and EEE gave

higher average values of VI compared to the normalized EM. The other two models

EEI and VII produced similar values of VI compared to the normalized EM. How-

ever, with µ around 10 where the normalized EM performed best, it was more stable

compared to the two Gaussian parsimonious clustering models.

For the yeast cell cycle data of the five-phase criterion, the performance of the

normalized EM was analyzed with two gene expression data sets derived from the

original one. We showed that the normalized EM was more stable than spherical k-

means when it worked best (µ around 20). For the raw data sets both the unnormalized

EM and all Gaussian parsimonious clusterings gave much higher values of VI com-
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pared to the normalized EM. For the standardized data sets which are correlated the

unnormalized EM was unable to work on. However, in the comparison of the normal-

ized EM with Gaussian parsimonious clusterings using this standardized data set, we

realized that except EEV, VEV and VVV models the other seven clustering models

implemented in the Mclust package were able to capture the similar gene expression

patterns and produced similar clustering results compared to the unnormalized EM (for

30 ≤ µ ≤ 350). However, when the normalized EM worked best (µ around 20), it con-

sistently gave higher cluster quality than all the ten Gaussian parsimonious clustering

models.

For the Barrett’s esophagus data, the yeast cell cycle data of regulated genes, the

human cell cycle data, the normalized EM was only compared with spherical k-means

using our designed internal index, as the common cosine similarity measure is utilized

to evaluate the closeness between data points for both of the two clustering approaches.

For all of the three data sets the normalized EM produced a bit higher cluster quality

compared to spherical k-means even with various choices of the number of clusters K

and different values of µ in the range from 40 to 350.

Furthermore, we showed an interesting relationship between the convergence

speed of the normalized EM and the radius of the hypersphere in our statistical

model. This interesting property was uncovered in six out of the nine presented gene

expression data sets. For the other three data sets since we did not know the underly-

ing number of clusters, it was cumbersome to represent the convergence speed of the

normalized EM

Finally, to support the performance analysis of the normalized EM a new in-

ternal index is derived using information theoretic concepts for comparing clus-

terings of spherical data. This index is used to compare clustering approaches using

cosine similarity for measuring the proximity between data points. The method of de-

riving this internal index can be regarded as a general approach to design other new

internal indexes for comparing clusterings of algorithms which employ a common sim-

ilarity measure.

In fact, the normalized EM also suffers from several drawbacks. First, it involves
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the computation of very large exponentials for µ bigger than 350. Second, it is hard to

determine the exact value of µ so that the normalized EM give the best performance.

The third drawback is that for gene expression data sets with a large number of data

points like those in the gene clustering problem, it takes the normalized EM quite

a long time to output the final clustering. Furthermore, for similar gene expression

patterns that exhibit complex stochastic relationships other than the co-linearity, the

normalized EM may fail to detect these stochastic functional dependencies.

It is left for future works to show that in the gene clustering problem, the normal-

ized EM is capable of filtering out noisy genes and only producing meaningful clusters

in which genes within each group are highly correlated. Also we intend to include

unsupervised feature selection methods into our framework for the sample clustering

problem so that our approach is able to work on microarray data sets where many noisy

or irrelevant genes for clustering are present. Of our particular interest is to improve the

cluster quality of the normalized EM so that it clearly outperforms spherical k-means

especially for the gene clustering problem. We are also interested in offering a detailed

analysis of biological relevance of clustering outcomes produced by the normalized

EM for experimental data sets in the gene clustering problem.
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