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Foreword

The evolution of disease in cancer, metabolic disorders, and immunological dis-
orders is still poorly understood. During the past few decades research has revealed
that, in most instances, a complex interaction network of micro-environmental
factors including cytokines and cytokine receptors as well as a complex network of
signaling pathways and metabolic events contribute to disease evolution and disease
progression. In addition, the genetic background, somatic mutations, and epigenetic
mechanisms are involved in disease manifestation and disease progression. The
heterogeneity of disease points to the complexity of events and factors that may all
act together to lead to a frank disorder in the individual patient. Based on this
assumption, the evaluation of such complex diseases with respect to the affected
cells and cell systems by appropriate biostatistical analysis, including high capacity
assays and highly developed multi-parameter evaluation-assays, is a clear medical
need.

This book, Medical Biostatistics for Complex Diseases, reviews statistical and com-
putational methods for the analysis of high-throughput data and their interpretation
with special emphasis on the applicability in biomedical and clinical science. One
major aim is to discuss methodologies and assays in order to analyze pathway-
specific patterns in various disorders and disease-categories. Such approaches are
especially desired because they avoid many problems of methods that focus solely on
a single-gene level. For example, detecting differentially expressed genes among
experimental conditions or disease stages has received tremendous interest since
the introduction of DNA microarrays. However, the inherent problem of a causal
connection between a genetic characteristic and a phenotypic trait becomes espe-
cially problematic in the context of complex diseases because such diseases involve
many factors, externally and internally, and their collective processing. For this
reason pathway-approaches form an important step towards a full integration of
multilevel factors and interactions to establish a systems biology perspective of
physiological processes. From an educational point of view this point cannot be
stressed enough because the gene-centric view is still prevalent and dominant in
genetics, molecular biology, and medicine. That is why this book can serve as a basis
to train a new generation of scientists and to forge their way of thinking.

Medical Biostatistics for Complex Diseases. Edited by Frank Emmert-Streib and Matthias Dehmer
Copyright © 2010 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim
ISBN: 978-3-527-32585-6
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Foreword

Deciphering complex diseases like cancer is a collaborative endeavor requiring
the coordinated effort of an interdisciplinary team and highly developed multivariate
methods through which the complexity of disorders can be addressed appropriately.
For this reason it is notable that the present book also provides a brief introduction to
the molecular biological mechanisms of cancer and cancer stem cells. This will be
very helpful for biostatisticians and computational biologists, guiding their inter-
pretations with related projects.

It will be very interesting to observe the development of this field during the next
few years and to witness, hopefully, many exciting results that blossom from the
methods and concepts presented in this book.

Vienna, February 2010 Peter Valent
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Preface

This book, Medical Biostatistics for Complex Diseases, presents novel approaches for the
statistical and computational analysis of high-throughput data from complex dis-
eases. A complex disease is characterized by an intertwined interplay between several
genes that are responsible for the pathological phenotype instead of a single gene.
This interplay among genes and their products leads to a bio-complexity that makes a
characterization and description of such a disease intricate. For this reason, it has
been realized that single-gene-specific methods are less insightful than methods
based on groups of genes [1]. A possible explanation for this is that the orchestral
behavior of genes in terms of their molecular interactions form gene networks [2, 3]
that are composed of functional units (subnetworks) that are called pathways. In this
respect, analysis methods based on groups of genes may resemble biological path-
ways and, hence, functional units of the biological system. This is in the spirit of
systems theory [4, 5], which requires that a functional part of a system under
investigation has to be studied to gain information about its functioning. The
transfer of this conceptual framework to biological problems has been manifested
in systems biology [6-8]. For this reason, the methods presented in this book
emphasize pathway-based approaches. In contrast to network-based approaches for
the analysis of high-throughput data [9] a pathway has a less stringent definition than
a network [10] which may correspond to the causal molecular interactions or merely
to a set of genes constituting it while neglecting their relational structure. Hence, the
methodological analysis methods for both types of approaches vary considerably.
Further, the present book emphasizes statistical methods because, for example, the
need to test for significance or classify robustly is omnipresent in the context of high-
throughput data from complex diseases. In a nutshell, the book focuses on a certain
perspective of systems biology for the analysis of high-throughput data to help
elucidating aspects of complex diseases that may otherwise remain covered.

The book is organized in the following way. The first part consists of three
introductory chapters about basic cancer biology, cancer stem cells, and multiple
correction methods for hypotheses testing. These chapters cover topics that recur
during the book at various degrees and for this reason should be read first. The
provided biological knowledge and the statistical methods are indispensable for a
systematic design, analysis, and interpretation of high-throughput data from cancer
but also other complex diseases. Despite the fact that the present book has a
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methodological focus on statistical analysis methods we consider it essential to
include also some chapters that provide information about basic biological mechan-
isms that may be crucial to understand aspects of complex diseases.

The second part of the book presents statistical and computational analysis
methods and their application to high-throughput data sets from various complex
diseases. Specifically, biological data sets studied are from acute myeloid leukemia
(AML), acute lymphoblastic leukemia (ALL), breast cancer, cervical cancer, conven-
tional renal cell carcinoma (cRCC), colorectal cancer, liver cancer, and lung cancer. In
addition to these data sets from cancer, also microarray data from diabetes and
Duchenne muscular dystrophy (DMD) are used. These biological datasets are
complemented by simulated data to study methods theoretically. This part of the
book presents chapters that apply and develop methods for identifying differentially
expressed genes, integration of data sets, inference of regulatory network, gene set
analysis, predicting disease stages or survival times, and pathway analysis. From a
methodological point of view the chapters in the second part comprise, for example,
analysis of covariance (ANCOVA), bagging, Bayesian networks, dynamic vector
autoregressive model, empirical Bayes, false discovery rate (FDR), Granger causality,
Hotelling’s T2, kernel methods, least angle regression (LARS), least absolute
shrinkage and selection operator (Lasso), Markov chain Monte Carlo (MCMC),
model averaging, multiple hypotheses testing, multivariate analysis of variance
(MANOVA), random forest, resampling methods, singular-value decomposition
(SVD), and support vector machine (SVM).

Regarding the organization of each chapter we decided that the chapters should be
presented comprehensively accessible not only to researchers from this field but also
to researchers from related fields or even students that have passed already intro-
ductory courses. For this reason each chapter presents not only some novel results
but also provides some background knowledge necessary to understand, for example,
the mathematical method or the biological problem under consideration. In research
articles this background information is either completely omitted or the reader is
referred to an original article. Hence, this book could also serve as textbook for, e.g.,
an interdisciplinary seminar for advanced students, not only because of the com-
prehensiveness of the chapters but also because of its size, which allowing it to fill a
complete semester.

The present book is intended for researchers in the interdisciplinary fields of
computational biology, biostatistics, bioinformatics, and systems biology studying
problems in biomedical sciences. Despite the fact that these fields emerged from
traditional disciplines like biology, biochemistry, computer science, electrical engi-
neering, mathematics, medicine, statistics, or physics we want to emphasize that they
are now becoming independent. The reasons for this are at least three-fold. First,
these fields study problems that cannot be assigned to one of the traditional fields
alone, neither biologically nor methodologically. Second, the studied problems are
considered of general importance, not only for science itself but society because of
their immediate impact on public health. Third, biomedical problems demand the
development of novel statistical and computational methodology for their problem-
oriented and efficient investigation. This implies that none of the traditional
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quantitative fields provide ready-to-use solutions to many of the urgent problems we
are currently facing when studying the basic molecular mechanisms of complex
diseases. This explains the eruption of methodological papers that appeared during
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new or improved high-throughput measurement devices it is expected that this
process will continue. The quest for a systematic understanding of complex diseases
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organizational processes within and among cells but especially because of conse-
quences that may result from this. For example, insights from such studies may
translate directly into rational drug design and stem cell research.
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