Preface

In recent times, there has been an caplosion in the development of comprehensive,
high-throughput methods for molecular biology experimentation. An example is the
advent in DNA microarray technologies, such as ¢cDNA arrays and oligonucleotide
arrays, thal provide means for measuring tens of thousands of genes simullaneously,
These technologics benefit biclogical research greatly and further cur understanding,
of biological processes by drawing together researchers in biology and quantitative
fields including statistics, mathematics, computer science, and physics, In addition to
the enormous scientific potential of microarrays to help in uoderstanding gene regula-
tion and interactions, microarrays have very important applications in pharmaceutical
and clinical rescarch,

This book has been written with two types of readers in mind: biologists who
will undertake the statistical analvses of their own experimental microarray daca, and
biostatisticians entering the field of microarray gene expression dats analysis, The
primary focus of the book is on data analysis methods for this field; however, the
biclogy and technology behind gene expression microarray experiments, as well as
cleaning and normalization of the data, will be briefly coverad,

Alihough biological experiments vary considerably in their design, the data zen-
erated by microarray experiments can be viewed as a matrix of expression levels,
organized by genes versus lssue samples. In the case where a tissue sample cor-
responds (0 a single microarray experiments, we can represent the output from A
experiments in the form of a N« AL array (matrix). Each column of the matrix (the
expression signature vector) containg the expression levels on the WV genes monitored
in the microarrays, while each row (lhe expression profile) contains the expression
levels of a gene as it varies over the M dssue samples. Outside this matrix of expres-
sion levels, we may have covariate information for samples, genes, or hoth. The goal
of microarray data analysis is to make inferences among samples, genes, and their
expression levels and covariates,
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The actual measurernent of the expression levels raises several statistical issues
in experimental design. image processing. oullier detection, transformations, and
nonlinear modeling. We consider some of these issues (which are still engoing as
we complete this book) in the first two chaplers. The rest of the book then consid-
ers the analysis of the microarray data, assuming that they have been appropriately

This analysis is centered on methods for the detection of differential expression,
For cluster analysis (unsupervised classification), and for diseriminant analysis (su-
pervised classification) of microarray data,

An imporlant and common question in microarray experiments is the detection of
genes that are differentially expressed in tissue samples across a number of specified
classes, These classes may correspond to tissues (eells) that are at different stages in
some process, in distinet pathological states, or under different experimental condi-
tions, A plethora of methods w detect differemtial gene expression are presented,

Clusier analyses have demonstrated their utility in the elucidation of unknown
sene function, the validation of gene discoveries, and the interpretation of biclogical
processes. Discriminant analysis is playing an ever-increasing role in predicting gene
funcrion classes and cancer classification.

There are two distinct clustering problems with microarray data. One problem
concerns the clustering of the tssues on the basis of the genes. The clusters of
tissues can play a useful role in the discovery and understanding of new subclasses
of discases. The second problem concerns the clustering of the genes on the basis of
the tissues., The clusters of genes oblained can be used to search for genetic pathways
or groups of genes that might be regulated together. Also, in the first problem above,
we may wish first to summarize the information in the very large number of genes by
clustering them inlo groups, which can be represented by some metagenes. We can
then carry out the clustering of the tissues in terms of these metagenes.

In both the clustering of the tisswes and the genes, hierarchical (agglomerative)
clustering has been the most widely used method for the analysis of patterns of gene
expression. It produces a representation of the data with the shape of a binary tree. in
which the rmost similar patterns are clustered in a hierarchy of nested subsets. Never-
theless, classical hierarchical clustering presents drawbacks when dealing with data
containing & non-negligible amount of noise, as is the present case. Also, there is no
reason why the clusters of tissues or genes should belong to a hierarchy such as in
the evolution of species. In this book, the emphasis is on a model-based approach to
clustering, An advantage of model-based clustering is that it provides a sound math-
ematical framework for clustering. In particular, it provides a principled statistical
approach to the practical questions that arise in applying clustering methods, namely,
the question of what metric (distance function) to adopt and the question of how many
clusters there are in the data.

In recent times, maodel-based clustering has become very popular in the statistical
literature. Unfortunately, as the data to be analyzed rom microarray experiments
often have gene-to-sample ratios of approximately 100-fold, off-the-shelf parametric
methodology does not apply at least to the elassification of the tissues on the basis of
the penes. This is because the dimension of the feature space {the number of genes)



PREFACE xvii

is so much greater than the number of observations (the number of tissues). But even
the cluster analysis of the genes on the basis of the tissues is a nonstandard problem,
as the genes are not all independently distributed.

An obvious way to handle the very large number of genes is to perform a principal
component analysis (PCA) and carry out the cluster analysis on the basis of the
leading components. But a potential problem with a PCA is the determination of an
appropriate number of principal components (PCs) useful for clustering. A common
practice is to choose the first few leading components. But it is not clear where to
stop and whether some of these components are caused by some artifact or noises in
the data unrelated to the clustering task. Also, there is the difficulty of interpretation
of components because each component has loadings generally on all genes.

Hence the focus in the book is on the EMMIX-GENE procedure, which is a
normal mixture-based method of clustering that has been especially developed for
the clustering of tissue samples or other high-dimensional data. This procedure has
an option for an initial selection of the genes where genes that appear to have little
clustering capacity are discarded. It then clusters the (standardized) gene profiles into
groups, effectively using Euclidean distance as the metric, with the aim that highly
correlated genes are put in the same cluster. Each group of genes is then represented
by a single metagene (the group-sample mean) and then clustering is performed in
terms of the metagenes. This divide-and-conquer approach is becoming popular in
the bioinformatics literature for both unsupervised and supervised classification of
tissue samples.

The clustering step of EMMIX-GENE makes use of, if needed, mixtures of factor
analyzers. That is, it provides a global nonlinear approach to dimension reduction as
it postulates a finite mixture of linear submodels (factor models) for the distribution of
the full signature vector or a reduced version of metagenes given the (unobservable)
factors. Thus, it is a local dimensionality reduction method in contrast with a PCA,
which is a global linear method.

A number of discriminant rules are discussed for the supervised classification of
the tissue samples. However, the aim of this book is not to provide a comprehensive
review of available methods but rather to focus on what we think are useful methods
for the analysis of microarray data. To this end, the focus in discriminant analysis of
tissue samples is on the support vector machine. It has the advantage that it can be
formed from all the genes and its performance is generally not too disadvantaged as
a consequence of using all the genes. Its performance can be improved by undertak-
ing feature selection using an easily implemented procedure called recursive feature
elimination.

In the statistical analyses, including discriminant and cluster analyses, some form
of feature selection will usually be carried out. A consequence of basing the final
analysis on a selected “top” subset of the available genes is that there will typically be
aselection bias that needs to be corrected for in relating the conclusions to subsequent
(new) data. In the case of a discriminant rule, it means that the selection bias has
to be allowed for in the estimation of the generalization error. Otherwise, a false
overoptimistic impression will be obtained for the discriminatory power of the rule.
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This bias has often been overlooked in the bioinformatics literature. Also, this bias
arises in an unsupervised context with tests and plots on the number of clusters.

The first two chapters of this book aim to (1) provide a bridge to the biological
and technical aspects involved in microarray experiments, and (2) summarize and
emphasize the need for basic research in DNA array technologies and statistical
thinking through every step of the microarray experiment and analysis to enhance
reliability and reproducibility of research results.

Chapter 1 is an introductory chapter and provides a review on DNA microarrays
and relevant technology. In particular, we begin with the biological principles behind
microarray experiments. Background information on the substrates and technology
used in microarray gene expression studies is intended for the biostatistician whois not
familiar with the biological experiments. We discuss DNA, cDNA, oligonucleotides,
and the development of microarray technology, as well as the steps involved in the
mannfacture of cDNA microarrays and in generating experimental microarray data.
Commercial arrays, primarily the GeneChip~, are also briefly introduced in this
chapter.

Chapter 2 discusses cleaning and normalization of gene expression microarray
data, as well as the need for designs of experiments with replicated data.

Chapter 3 considers in a general context some methods for the cluster analysis of
multivariate data consisting of n independent observations taken on a p-dimensional
feature vector associated with the random phenomenon of interest. The focus is on
model-based methods of clustering and it covers the use of mixtures of factor analyzers
for high-dimensional data such as microarray data. In relation to the problem of how
many clusters there are in the data, consideration is given to the problem of assessing
the number of components in a mixture model by resampling.

Chapter 4 considers the development of the model-based methodology covered
in Chapter 3 for its application to problems in the clustering of tissue samples. The
emphasis is on the EMMIX-GENE procedure which has been developed specifically
for the clustering of tissue samples. Its application to real microarray data sets is
illustrated on two well-known sets in the literature. Also, it is demonstrated on
several real data sets how this model-based approach to clustering can be used to
consider the question of how many clusters of tissues there are in the data.

Chapter 5 focuses on the selection of differentially expressed genes in known
classes of tissue samples. As this problem concerns the selection of significant genes
from a large pool of candidate genes, it needs to be carried out within the framework
of multiple hypothesis testing. The recent and fruitful literature on the latter topic
in the context of microarrays is covered in depth. Distributional problems, including
use of the ¢-distribution and its variants to provide robustaess are introduced with a
discussion of numerous methods, frequentist and Bayesian, to handle the multiplicity
issue. The latter part of this chapter considers the clusiering of genes that have been
identified as being differentially expressed with a view to finding: (1) groups of genes
that are significantly correlated with each other; (2) groups of genes that share similar
expressions across the tissues.

Chapter 6 considers methods in discriminant analysis or supervised classification
in a general context with a view to their application to microarray data. Discriminant
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rules covered include the traditional normal-based linear and gquadratic diseriminamt
classificrs, more Aexible parametric rules based on normal mixtures or mixtures of
factor analyzers, support vector machines and their variants, nearest-neighbor and
nearest centroid rules, classification trees, and neural networks. The problem of
error-rate estimation of a diseriminant rule is considerad too, along with ways for the
provision of standard errors [or the estimates of the error rates.

Chapter 7 considers applications of some of the discriminant rules introduced in
the previous chapier to the supervised classification of tssue samples, In applications
concerngd with the diagnosis of cancer, one class may correspond o cancer and the
other 1o benign tumors. [n applications concerned with patient survival following
treatment for cancer, one class may correspond w the good prognosis group and the
other 1o the poor prognosis group. Also, there is interest in the identification of
“marker” penes that characterize the different tissue classes. Attention is focused on
applications of the support vector machine and nearest-shronken centroids, which is
arecent version of nearest centroids w handle the very large number of genes, These
two approaches are demonstrated on some cancer data sets, Particular attention is
paid to the need to correct for the selection bias in estimating the prediction capacity
of a discriminant rule formed from a subsetof genes selected from a much larger set.

Chapter 8 is concerned with linking results of a model-based clustering of tumeor
tssues on cancer biology and clinical outcome. Cancer patients with the same stage of
disease can have markedly different treatment responses and clinical outcome, Thus
there is much interest in whether microarray expression data can be used to provide
prognestic information beyond that provided by stage and other traditional clinical
criteria. We report somie recent results that show that the clustering provides signif-
icant prognostic information on the outcome of the disease bevond that available in
current systems based on histopathology criteria and extent of disease ar presentation.
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