BAYESIAN INFERENCE FOR GENE
EXPRESSION AND PROTEOMICS

The interdisciplinary nature of bioinformatics presents a research challenge
in integrating concepts, methods, software, and multiplatform data. Although
there have been rapid developments in new technology and an inundation of
statistical methodology and software for the analysis of microarray gene ex-
pression arrays, there exist few rigorous statistical methods for addressing other
types of high-throughput data, such as proteomic profiles that arise from mass
spectrometry experiments. This book discusses the development and appli-
cation of Bayesian methods in the analysis of high-throughput bioinformatics
data that arise from medical, in particular cancer, research, as well as molecular
and structural biology. The Bayesian approach has the advantage that evidence
can be easily and flexibly incorporated into statistical models.

A basic overview of the biological and technical principles behind multi-
platform high-throughput experimentation is followed by expert reviews of
Bayesian methodology, tools, and software for single group inference, group
comparisons, classification and clustering, motif discovery and regulatory net-
works, and Bayesian networks and gene interactions.

Kim-Anh Do is a professor in the Department of Biostatistics and Applied
Mathematics and the University of Texas M.D. Anderson Cancer Center. Her
research interests are in computer-intensive statistical methods with recent
focus in the development of methodology and software to analyze data produced
from high-throughput technologies.

Peter Miiller is also a professor in the Department of Biostatistics and Applied
Mathematics and the University of Texas M.D. Anderson Cancer Center. His re-
search interests and contributions are in the areas of Markov chain Monte Carlo
posterior simulation, nonparametric Bayesian inference, hierarchical models,
mixture models, and Bayesian decision problems.

Marina Vannucci is a professor of Statistics at Texas A&M University. Her
research focuses on the theory and practice of Bayesian variable selection
techniques and on the development of wavelet-based statistical models and
their applications. Her work is often motivated by real problems that need to
be addressed with suitable statistical methods.






BAYESIAN INFERENCE FOR GENE
EXPRESSION AND PROTEOMICS

Edited by

KIM-ANH DO

University of Texas M.D. Anderson Cancer Center

PETER MULLER

University of Texas M.D. Anderson Cancer Center

MARINA VANNUCCI
Texas A&M University

Z CAMBRIDGE

@y UNIVERSITY PRESS




CAMBRIDGE UNIVERSITY PRESS
Cambridge, New York, Melbourne, Madrid, Cape Town, Singapore, Sdo Paulo

Cambridge University Press
32 Avenue of the Americas, New York, NY 10013-2473, USA

www.cambridge.org
Information on this title: www.cambridge.org/9780521860925

© Cambridge University Press 2006

This publication is in copyright. Subject to statutory exception
and to the provisions of relevant collective licensing agreements,
no reproduction of any part may take place without
the written permission of Cambridge University Press.

First published 2006
Printed in the United States of America
A catalog record for this publication is available from the British Library.

Library of Congress Cataloging in Publication Data

Bayesian inference for gene expression and proteomics /
edited by Kim-Anh Do, Peter Miiller, Marina Vannucci.
p. cm.

Includes bibliographical references.

ISBN-13: 978-0-521-86092-5 (hardback)
ISBN-10: 0-521-86092-X (hardback)

1. Gene expression — Statistical methods. 2. Proteomics —
Statistical methods. 1. Do, Kim-Anh, 1960— II. Miiller, Peter, 1963—
III. Vannucci, Marina, 1966— 1V. Title.
QH450.B39 2006
572.8'6501519542 — dc22 2006005635

ISBN-13  978-0-521-86092-5 hardback
ISBN-10 0-521-86092-X hardback

Cambridge University Press has no responsibility for
the persistence or accuracy of URLSs for external or
third-party Internet Web sites referred to in this publication
and does not guarantee that any content on such
Web sites is, or will remain, accurate or appropriate.



Contents

List of Contributors
Preface

An Introduction to High-Throughput Bioinformatics Data
Keith A. Baggerly, Kevin R. Coombes, and Jeffrey S. Morris
1.1 Introduction

1.2 Microarrays

1.3 SAGE

1.4 Mass Spectrometry

1.5 Finding Data

Hierarchical Mixture Models for Expression Profiles
Michael A. Newton, Ping Wang, and Christina Kendziorski
2.1 Introduction

2.2 Dual Character of Posterior Probabilities

2.3 Differential Expression as Independence

2.4 The Multigroup Mixture Model

2.5 Improving Flexibility

Bayesian Hierarchical Models for Inference in Microarray Data

Anne-Mette K. Hein, Alex Lewin, and Sylvia Richardson
3.1 Introduction

3.2 Bayesian Hierarchical Modeling of Probe Level GeneChip

Data

3.3 Bayesian Hierarchical Model for Normalization and
Differential Expression

3.4 Predictive Model Checking

page xi
XV

N = =

19
24
34

40
40
43
45
47
49

53
53

56

67
70



vi

Contents

Bayesian Process-Based Modeling of Two-Channel Microarray

Experiments: Estimating Absolute mRNA Concentrations

Mark A. van de Wiel, Marit Holden, Ingrid K. Glad, Heidi Lyng,

and Arnoldo Frigessi

4.1 Introduction

4.2 The Hierarchical Model

4.3 Reparameterization and Identifiability

4.4 MCMC-Based Inference

4.5 Validation

4.6 Illustration

4.7 TransCount Web Site and Computing Times

4.8 A Statistical Discussion of the Model

4.9 Discussion

Identification of Biomarkers in Classification and Clustering

of High-Throughput Data

Mahlet G. Tadesse, Naijun Sha, Sinae Kim, and Marina Vannucci

5.1 Introduction

5.2 Bayesian Variable Selection in Linear Models

5.3 Bayesian Variable Selection in Classification

5.4 Bayesian Variable Selection in Clustering via Finite Mixture
Models

5.5 Bayesian Variable Selection in Clustering via Dirichlet
Process Mixture Models

5.6 Example: Leukemia Gene Expression Data

5.7 Conclusion

Modeling Nonlinear Gene Interactions Using Bayesian MARS

Veerabhadran Baladandayuthapani, Chris C. Holmes,

Bani K. Mallick, and Raymond J. Carroll

6.1 Introduction

6.2 Bayesian MARS Model for Gene Interaction

6.3 Computation

6.4 Prediction and Model Choice

6.5 Examples

6.6 Discussion and Summary

Models for Probability of Under- and Overexpression:

The POE Scale

Elizabeth Garrett-Mayer and Robert Scharpf

7.1 POE: A Latent Variable Mixture Model

7.2 The POE Model

7.3 Unsupervised versus Semisupervised POE

75
75
78
82
84
85
85
91
91
93

97
97
100
101

103

106
108
113

116
116
118
121
122
123
131

137
137
138
144



8

10

11

12

Contents

7.4 Using POE Scale
7.5 Example: POE as Applied to Lung Cancer Microarray Data
7.6 Discussion
Sparse Statistical Modelling in Gene Expression Genomics
Joseph Lucas, Carlos Carvalho, Quanli Wang, Andrea Bild,
Joseph R. Nevins, and Mike West
8.1 Perspective
8.2 Sparse Regression Modelling
8.3 Sparse Regression for Artifact Correction with Affymetrix
Expression Arrays
8.4 Sparse Latent Factor Models and Latent Factor Regressions
8.5 Concluding Comments
Bayesian Analysis of Cell Cycle Gene Expression Data
Chuan Zhou, Jon C. Wakefield, and Linda L. Breeden
9.1 Introduction
9.2 Previous Studies
9.3 Data
9.4 Bayesian Analysis of Cell Cycle Data
9.5 Discussion
Model-Based Clustering for Expression Data via a Dirichlet
Process Mixture Model
David B. Dahl
10.1 Introduction
10.2 Model
10.3 Inference
10.4 Simulation Study
10.5 Example
10.6 Conclusion
Interval Mapping for Expression Quantitative Trait Loci
Meng Chen and Christina Kendziorski
11.1 Introduction
11.2 eQTL Mapping Experiments
11.3 QTL Mapping Methods
11.4 Currently Available eQTL Mapping Methods
11.5 MOM Interval Mapping
11.6 Discussion
Bayesian Mixture Models for Gene Expression and Protein Profiles
Michele Guindani, Kim-Anh Do, Peter Miiller,
and Jeffrey S. Morris
12.1 Introduction

vii
145

148
152

155
156
157

162
167
173

177
177
178
180
182
197

201
201
203
208
209
212
216

219
219
221
222
223
225
231

238
238



viii

13

14

15

16

Contents

12.2 A Nonparametric Bayesian Model for Differential Gene
Expression

12.3 A Mixture of Beta Model for MALDI-TOF Data

12.4 A Semiparametric Mixture Model for SAGE Data

12.5 Summary

Shrinkage Estimation for SAGE Data Using a Mixture Dirichlet

Prior

Jeffrey S. Morris, Keith A. Baggerly, and Kevin R. Coombes

13.1 Introduction

13.2 Overview of SAGE

13.3 Methods for Estimating Relative Abundances

13.4 Mixture Dirichlet Distribution

13.5 Implementation Details

13.6 Simulation Study

13.7 Conclusion

Analysis of Mass Spectrometry Data Using Bayesian

Wavelet-Based Functional Mixed Models

Jeffrey S. Morris, Philip J. Brown, Keith A. Baggerly,

and Kevin R. Coombes

14.1 Introduction

14.2 Overview of MALDI-TOF

14.3 Functional Mixed Models

14.4 Wavelet-Based Functional Mixed Models

14.5 Analyzing Mass Spectrometry Data Using Wavelet-Based
Functional Mixed Models

14.6 Conclusion

Nonparametric Models for Proteomic Peak Identification

and Quantification

Merlise A. Clyde, Leanna L. House, and Robert L. Wolpert

15.1 Introduction

15.2 Kernel Models for Spectra

15.3 Prior Distributions

15.4 Likelihood

15.5 Posterior Inference

15.6 Illustration

15.7 Summary

Bayesian Modeling and Inference for Sequence Motif Discovery

Mayetri Gupta and Jun S. Liu

16.1 Introduction

16.2 Biology of Transcription Regulation

240
243
247
250

254
254
255
257
260
263
264
267

269
270
270
274
276

280
288

293
293
294
296
301
302
303
305

309
309
311



17

18

19

20

Contents

16.3 Problem Formulation, Background, and General Strategies
16.4 A Bayesian Approach to Motif Discovery

16.5 Extensions of the Product-Multinomial Motif Model
16.6 HMM-Type Models for Regulatory Modules

16.7 Model Selection through a Bayesian Approach

16.8 Discussion: Motif Discovery Beyond Sequence Analysis
Identification of DNA Regulatory Motifs and Regulators

by Integrating Gene Expression and Sequence Data
Deukwoo Kwon, Sinae Kim, David B. Dahl, Michael Swartz,
Mabhlet G. Tadesse, and Marina Vannucci

17.1 Introduction

17.2 Integrating Gene Expression and Sequence Data

17.3 A Model for the Identification of Regulatory Motifs
17.4 Identification of Regulatory Motifs and Regulators
17.5 Conclusion

A Misclassification Model for Inferring Transcriptional
Regulatory Networks

Ning Sun and Hongyu Zhao

18.1 Introduction

18.2 Methods

18.3 Simulation Results

18.4 Application to Yeast Cell Cycle Data

18.5 Discussion

Estimating Cellular Signaling from Transcription Data
Andrew V. Kossenkov, Ghislain Bidaut, and Michael F. Ochs
19.1 Introduction

19.2 Bayesian Decomposition

19.3 Key Biological Databases

19.4 Example: Signaling Activity in Saccharomyces cerevisiae
19.5 Conclusion

Computational Methods for Learning Bayesian Networks
from High-Throughput Biological Data

Bradley M. Broom and Devika Subramanian

20.1 Introduction

20.2 Bayesian Networks

20.3 Learning Bayesian Networks

20.4 Algorithms for Learning Bayesian Networks

20.5 Example: Learning Robust Features from Data

20.6 Conclusion

X
312
316
320
321
327
329

333
333
335
337
340
344

347
347
348
355
360
361

366
366
370
373
376
380

385
385
387
389
391
395
398



21

22

Contents

Bayesian Networks and Informative Priors: Transcriptional
Regulatory Network Models

Alexander J. Hartemink

21.1 Introduction

21.2 Bayesian Networks and Bayesian Network Inference
21.3 Adding Informative Structure Priors

21.4 Applications of Informative Structure Priors

21.5 Adding Informative Parameter Priors

21.6 Discussion

21.7 Availability of Papers and Banjo Software

21.8 Acknowledgments

Sample Size Choice for Microarray Experiments

Peter Miiller, Christian Robert, and Judith Rousseau

22.1 Introduction

22.2 Optimal Sample Size as a Decision Problem

22.3 Monte Carlo Evaluation of Predictive Power

22.4 The Probability Model

22.5 Pilot Data

22.6 Example

22.7 Conclusion

401
401
403
407
409
418
419
421
421

425
425
428
431
432
435
435
436



Contributors

Keith A. Baggerly, Department of Biostatistics & Applied Mathematics, Uni-
versity of Texas M.D. Anderson Cancer Center, 1515 Holcombe Blvd., Houston,
TX 77030-4075

Veerabhadran Baladandayuthapani, Department of Biostatistics & Applied
Mathematics, University of Texas M.D. Anderson Cancer Center, 1515 Hol-
combe Blvd., Houston, TX 77030-4075

Ghislain Bidaut, Department of Genetics, The University of Pennsylvania
School of Medicine, 1423 Blockley Hall, 423 Guardian Drive, Philadelphia,
PA 19104-6021

Andrea Bild, Institute for Genome Sciences and Policy, Duke University,
Durham, NC 27710

Linda L. Breeden, Fred Hutchinson Cancer Research Center, 1100 Fairview
Ave. N., Mailstop A2-168, P.O. Box 19024, Seattle, WA 98109-1024

Bradley M. Broom, Department of Biostatistics & Applied Mathematics, Uni-
versity of Texas M.D. Anderson Cancer Center, 1515 Holcombe Blvd., Houston,
TX 77030-4075

Philip J. Brown, Institute of Mathematics, Statistics and Actuarial Science,
Room E218, Cornwallis Building, University of Kent, Canterbury, Kent CT2
7NF, UK

Raymond J. Carroll, Department of Statistics, Texas A&M University, 3143
TAMU, College Station, TX 77843-3143

Carlos Carvalho, Institute of Statistics and Decision Sciences, Box 90251, Duke
University, Durham, NC 27708-0251

Meng Chen, Department of Statistics, The University of Wisconsin-
Madison, 1220 Medical Sciences Center, 1300 University Ave., Madison,
WI 53703

Merlise A. Clyde, Institute of Statistics and Decision Sciences, Box 90251,
Duke University, Durham, NC 27708-0251

X1



Xii Contributors

Kevin R. Coombes, Department of Biostatistics & Applied Mathematics, Uni-
versity of Texas M.D. Anderson Cancer Center, 1515 Holcombe Blvd., Houston,
TX 77030-4075

David B. Dahl, Department of Statistics, Texas A&M University, 3143 TAMU,
College Station, TX 77843-3143

Kim-Anh Do, Department of Biostatistics & Applied Mathematics, University
of Texas M.D. Anderson Cancer Center, 1515 Holcombe Blvd., Houston, TX
77030-4075

Arnoldo Frigessi, Department of Biostatistics, University of Oslo, P.O. Box
1122, Blindern, 0317 Oslo, Norway

Elizabeth Garrett-Mayer, Johns Hopkins Kimmel Cancer Center, Johns Hopkins
University, Suite 1103, 550 N. Broadway, Baltimore, MD 21205

Ingrid K. Glad, Department of Mathematics, University of Oslo, P.O. Box 1053,
Blindern, 0316 Oslo, Norway

Michele Guindani, Department of Biostatistics & Applied Mathematics, Uni-
versity of Texas M.D. Anderson Cancer Center, 1515 Holcombe Blvd., Houston,
TX 77030-4075

Mayetri Gupta, Department of Biostatistics, University of North Carolina at

Chapel Hill, McGavran, Greenberg Hall B CB#7420, Chapel Hill, NC 27599-
7420

Alexander J. Hartemink, Department of Computer Science, Duke University,
Box 90129, Durham, NC 27708-0129

Anne-Mette K. Hein, Department of Epidemiology and Public Health, Imperial
School of Medicine, St. Mary’s Campus, Norfolk Place, London W2 1PG, UK
Marit Holden, Norwegian Computing Center, P.O. Box 114, Blindern, 0314
Oslo, Norway

Chris C. Holmes, Department of Statistics, University of Oxford, 1 South Parks
Road, Oxford OX1 3TG, UK

Leanna L. House, Institute of Statistics and Decision Sciences, Box 90251,
Duke University, Durham, NC 27708-0251

Christina Kendziorski, Department of Biostatistics and Medical Informatics,
6785 Medical Sciences Center, 1300 University Ave., Madison, WI 53703

Sinae Kim, Department of Biostatistics, School of Public Health, University of
Michigan, 1420 Washington Heights, Ann Arbor, MI 48109-2029

Andrew V. Kossenkov, Division of Population Science, Fox Chase Cancer
Center, 333 Cottman Ave., Philadelphia, PA 19111-2497

Deukwoo Kwon, Radiation Epidemiology Branch, National Cancer Institute,
6120 Executive Blvd, MSC 7238, Executive Plaza South, Room 7045, Bethesda,
MD 20892-7238



Contributors Xiii

Alex Lewin, Department of Epidemiology and Public Health, Imperial School
of Medicine, St. Mary’s Campus, Norfolk Place, London W2 1PG, UK

Jun S. Liu, Statistics Department, Harvard University, Science Center, One
Oxford Street, Cambridge, MA 02138-2901

Joseph Lucas, Institute of Statistics and Decision Sciences, Box 90251, Duke
University, Durham, NC 27708-0251

Heidi Lyng, Department of Biophysics, The Norwegian Radium Hospital, Mon-
tebello, 0310 Oslo, Norway

Bani K. Mallick, Department of Statistics, Texas A&M University, 3143 TAMU,
College Station, TX 77843-3143

Jeffrey S. Morris, Department of Biostatistics & Applied Mathematics, Univer-
sity of Texas M.D. Anderson Cancer Center, 1515 Holcombe Blvd., Houston,
TX 77030-4075

Peter Miiller, Department of Biostatistics & Applied Mathematics, University
of Texas M.D. Anderson Cancer Center, 1515 Holcombe Blvd., Houston, TX
77030-4075

Michael A. Newton, Department of Statistics, University of Wisconsin-
Madison, Medical Sciences Center, RM 1245A, 1300 University Ave., Madison,
WI 53706-1532

Joseph R. Nevins, Institute for Genome Sciences and Policy, Duke University,
Durham, NC 27710

Michael F. Ochs, Division of Population Science, Fox Chase Cancer Center,
333 Cottman Ave., Philadelphia, PA 19111-2497

Sylvia Richardson, Department of Epidemiology and Public Health, Imperial
School of Medicine, St. Mary’s Campus, Norfolk Place, London W2 1PG, UK

Christian Robert, Ceremade — Université Paris-Dauphine, Bureau C638, Place
du Maréchal de Lattre de Tassigny, 75775 Paris Cedex 16, France

Judith Rousseau, Ceremade — Université Paris-Dauphine Bureau B638, Place
du Maréchal de Lattre de Tassigny, 75775 Paris Cedex 16, France

Robert Scharpf, Department of Biostatistics, Bloomberg School of Public
Health, Johns Hopkins University, E3034 615 N. Wolfe Street, Baltimore, MD
21205-2179

Naijun Sha, Department of Mathematical Science, University of Texas at El
Paso, Bell Hall 203, El Paso, TX 79968-0514

Devika Subramanian, Department of Computer Science, Rice University, 6100
Main Street, Houston, TX 77005

Ning Sun, Division of Biostatistics, Department of Epidemiology and Public
Health, Yale University School of Medicine, 60 College Street, P.O. Box 208034,
New Haven, CT 06520-8034



X1v Contributors

Michael Swartz, Department of Statistics, Texas A&M University, 3143 TAMU,
College Station, TX 77843-3143 and Department of Biostatistics & Applied
Mathematics, University of Texas M.D. Anderson Cancer Center, 1515 Hol-
combe Blvd., Houston, TX 77030-4075

Mabhlet G. Tadesse, Department of Epidemiology & Biostatistics, University
of Pennsylvania School of Medicine, 918 Blockley Hall, 423 Guardian Drive,
Philadelphia, PA 19104-6021

Mark A. van de Wiel, Department of Mathematics, Vrije Universiteit, De
Boelelaan 1081a, 1081 HV Amsterdam, The Netherlands

Marina Vannucci, Department of Statistics, Texas A&M University, 3143
TAMU, College Station, TX 77843-3143

Jon C. Wakefield, University of Washington, Department of Biostatistics, Box
357232, Seattle, WA 98195-7232 and Department of Statistics, Box 354322,
Seattle, WA 98195-4322

Ping Wang, Department of Statistics, The University of Wisconsin-Madison,
B248 Medical Sciences Center, 1300 University Ave., Madison, WI 53703

Quanli Wang, Institute for Genome Sciences & Policy, Duke University,
Durham, NC 27710 and Institute of Statistics & Decision Sciences, Duke Uni-
versity, Durham, NC 27708-0251

Mike West, Institute of Statistics and Decision Sciences, Box 90251, Duke
University, Durham, NC 27708-0251

Robert L. Wolpert, Institute of Statistics and Decision Sciences, Box 90251,
Duke University, Durham, NC 27708-0251

Hongyu Zhao, Division of Biostatistics, Department of Epidemiology and Pub-
lic Health, Yale University School of Medicine, 60 College Street, P.O. Box
208034, New Haven, CT 06520-8034

Chuan Zhou, Department of Biostatistics, Vanderbilt University, S-2323 Med-
ical Center North, Nashville, TN 37232-2158



Preface

Recent rapid technical advances in genome sequencing (genomics) and pro-
tein identification (proteomics) have given rise to research problems that re-
quire combined expertise from statistics, biology, computer science, and other
fields. The interdisciplinary nature of bioinformatics presents many research
challenges related to integrating concepts, methods, software, and multiplat-
form data. In addition to new tools for investigating biological systems via
high-throughput genomic and proteomic measurements, statisticians face many
novel methodological research questions generated by such data. The work in
this book is dedicated to the development and application of Bayesian statistical
methods in the analysis of high-throughput bioinformatics data that arise from
problems in medical research, in particular cancer research, and molecular and
structural biology. This book does not aim to be comprehensive in all areas
of bioinformatics. Rather, it presents a broad overview of statistical inference
problems related to three main high-throughput platforms: microarray gene
expression, serial analysis gene expression (SAGE), and mass spectrometry
proteomic profiles. The book’s main focus is on the design, statistical infer-
ence, and data analysis, from a Bayesian perspective, of data sets arising from
such high-throughput experiments.

Chapter 1 provides a detailed introduction to the three main data platforms
and sets the scene for subsequent methodology chapters. This chapter is mainly
aimed at nonbiologists and covers elementary biological concepts, details the
unique measurement technology with associated idiosyncrasies for the different
platforms, and generates an overall outline of issues that statistical methodology
can address.

Subsequent chapters focus on specific methodology developments and are
grouped approximately by the main bioinformatics platform, with several chap-
ters discussing the integration of at least two platforms. The central statistical
topics addressed include experimental design, single group inference, group
comparisons, classification and clustering, motif discovery and regulatory net-
works, and Bayesian networks and gene interactions. The general theme of each

XV
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chapter is to review existing methods, followed by a specific novel method de-
veloped by the author(s). Results are often demonstrated on simulated data
and/or a real application data set. Additionally, relevant software may be
discussed.

Chapters 2 through 11 are concerned with Bayesian inference for gene ex-
pression, focusing on microarray data. Chapter 2 discusses inference about
differential expression based on hierarchical mixture models, including a dis-
cussion of more than two patterns of differential expression. Inference is based
on conjugate parametric models, with empirical Bayes estimation of hyperpa-
rameters. Chapter 3 explores the use of Bayesian hierarchical models for an
integrated approach to the analysis of microarray data that includes flexible
model-based normalization. The chapter defines a Bayesian gene expression
(BGE) index as a gene-specific mean parameter in a hierarchical model. In
Chapter 4, a model that mimics the detailed experimental process, from gene
preparation to image analysis, is developed. The detailed process-based model
allows to estimate absolute and relative mRNA concentrations. The use of
Bayesian variable selection methods for biomarker selection in classification
and clustering problems is reviewed in Chapter 5. The model for classification
includes a mixture prior that specifies a positive probability of a given gene not
being included in the model. In the clustering setting, the group structure of the
data is uncovered by specifying mixture models where the random inclusion of
genes can be interpreted as an attribute selection. Chapter 6 applies multivariate
adaptive regression splines (MARS) to define a flexible model for the relation-
ship between gene expression and disease status. For a binary classification
problem the MARS model is defined on the logistic transformation of the class
probability. The resulting classification boundaries are highly nonlinear and
account for gene interactions. Chapter 7 reviews the popular probability of
expression (POE) model for differential gene expression. The model postulates
a mixture of a uniform submodel for under- and overexpression, and a central
normal for typical expression. Posterior probabilities of mixture indicators in
this model define the POE scale. Chapter 8 explores the use of sparsity priors
in multivariate regression and latent factor regression, applied to inference for
gene expression. The sparsity prior is a variation of a mixture prior on regres-
sion coefficients, with a positive point mass at zero- and a second-level mixture
allowing for gene- and covariate-specific relative weights in the mixture. Chap-
ter 9 develops a model for cell cycle gene expression, using a first-order Fourier
model. The set of all genes is partitioned into subsets of different frequency
and time-dependent amplitude, including a zero class of not-cycle-dependent
genes. The prior on the random partitioning is defined as a Dirichlet distribu-
tion for cluster membership indicators. Chapter 10 defines a semiparametric
Bayesian model for gene expression. The model exploits the clustering that
is implicitly defined by the Dirichlet process prior to define subsets of genes
based on gene-specific mean and sampling precision. Chapter 11 reviews the
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expression quantitative trait (€QTL) mapping problem and commonly used
approaches. A new method is proposed to facilitate eQTL interval mapping
that can account for multiplicities across transcripts. The problem is to match
microarray gene expression (phenotype) with a set of genetic markers (genetic
map). The mixture over markers (MOM) model defines a mixture model for
gene expression, with the mixture being defined over submodels corresponding
to the transcript mapping to one of the considered markers. An extension to
interval mapping is discussed.

Chapters 12 through 15 discuss statistical inference for protein spectrometry.
Chapter 12 reviews the use of semiparametric mixture models for inference on
differential gene expression, for protein mass/charge spectra, and for SAGE
data. The underlying models are Dirichlet process mixtures of normals, mix-
tures of beta kernels, and Dirichlet process mixtures of Poissons, respectively.
Specific focus on SAGE data alone is detailed in Chapter 13, highlighting the
two main characteristics of such data: skewness in the distribution of relative
abundances, and small sample size relative to the dimension. A new Bayesian
procedure based on the mixture Dirichlet prior is reviewed and specific
properties depicted in terms of efficiency advantages over existing methods.
Chapters 14 and 15 present two different Bayesian approaches of analyz-
ing MALDI-TOF mass spectrometry. Chapter 14 generalizes the linear mixed
model to the case of functional data by using a wavelet-based functional mixed
model. In contrast, Chapter 15 presents model-based inference by focusing on
nonparametric Bayesian models; a sum of kernel functions is chosen as basis
functions for modeling spectral peaks.

Chapters 16 through 21 review motif discovery and regulatory networks.
During the process of gene transcription, proteins (transcription factors) in-
teract with control points of DNA sequences known as cis-acting regulatory
sequences, called motifs. Chapter 16 focuses on the problem of locating these
short sequence patterns in the DNA. The chapter provides an extensive expla-
nation of the biological background and then describes a Bayesian framework
for gene regulatory binding site discovery. Alternative models are also re-
viewed. Recent efforts in the development of methods that aid the detection
of transcription factor binding sites have attempted to integrate sequence data
with gene expression. In Chapter 17 the authors describe a regression model
and a Bayesian variable selection formulation that helps refine the search for
candidate motifs by selecting those that correlate with the gene expression.
The authors also propose a model extension that includes gene regulators.
Data integration is also the focus of Chapter 18, where gene expression and
protein—-DNA binding information, obtained from ChIP-Chip data, are inte-
grated via a linear classification model to aid the reconstruction of gene regu-
latory networks. Chapter 19 deals with models that exploit the links between
transcription factors and signaling pathways via gene ontologies and annotation
databases. Bayesian decomposition models allow the extraction of overlapping
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transcriptional signatures. Popular approaches to infer gene regulatory net-
works are those that utilize probabilistic network models. Bayesian networks,
in particular, have received much attention. Chapter 20 provides an exten-
sive survey of computational techniques for learning Bayesian networks from
gene expression data. State-of-the art and open questions are also addressed.
Chapter 21 discusses the developments of Bayesian networks and dynamic
networks. Additional data are used to derive informative prior structures,
in particular combining gene expression data with protein-DNA binding
information.

The final chapter, Chapter 22, addresses the choice of the sample size for
microarray experiments. The authors take a decision theory point of view that
attempts to minimize a conditional expected loss. The method is exemplified
using a mixture Gamma/Gamma model.

We thank our friends and collaborators for contributing their ideas and in-
sights toward this collection. We are excited by the continuing opportunities
for statistical challenges in the area of high-throughput bioinformatics data. We
hope our readers will join us in being engaged with changing technologies and
statistical development.

Kim-Anh Do
Peter Miiller
Marina Vannucci
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Plate 1.6. Zoom on a single Cy3 spot. The ring shape is visible, indicating uneven
hybridization. Further, the side view shows that readings outside the spot are not at zero
intensity.
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Plate 1.7. Steps in the preparation of a SAGE library. (A) Extract mRNA. (B) Add
a biotin-labeled primer. (C) Synthesize cDNA. (D) Cleave with an anchoring enzyme
(AE). (E) Discard loose segments. (F) Split cDNA into two pools, and introduce a
linker for each. (G) Ligate linker to bound cDNA fragments. (H) Cleave the product
with a tagging enzyme, and discard the bound parts. In addition to the linker, the piece
remaining contains a 10-base “tag” that can be used to identify the initial mRNA. (I)
Ligate the fragments, and use PCR starting from the primers attached to the linkers to
amplify. (J) Cleave with the AE again, and discard the pieces bound to the linker. The
remaining fragments contain pairs of tags, or “ditags,” bracketed by the motif recognized
by the AE. (K) Ligate the ditags and sequence the product.
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Plate 8.2. First (a) and second (b) principal components in the expression levels across
oncogene experiment observations of the set of normalisation control and housekeeping
probe sets. The black symbols represent samples in the two control groups (10 initial
control samples as open black circles, and 5 later control samples as filled black circles)
that were assayed several months apart; the nine oncogene intervention groups are then
color-coded for presentation. Frame (c) displays an image intensity plot of the first eight
principal components across samples. Frame (d) displays the (centered) expression levels
of gene PEA-15 (PED) plotted across samples (circles); superimposed (as crosses) are
the (centered) fitted values from the sparse ANOVA/regression model with normalisation

control factors.
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Plate 8.3. Frame (a) displays expression levels of gene PEA-15 (PED) across sam-
ples; the horizontal lines superimposed represent the estimated levels of expression
within each of the groups in the analysis that ignores the normalisation control factors.
Frame (b) displays corrected expression levels from the sparse regression analysis using
the control factors; the fitted effects of the control components have been subtracted
from the samples displayed, and the horizontal lines superimposed represent the fitted
parameters/levels for the intervention effects on expression within each group.
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Plate 8.5. Frame (a) is a scatter plot of the fitted values of 2 of the 14 latent factors —
factor 1, the “HER?2 factor,” and factor 2, the primary “ER factor” — in the breast cancer
example. The colour coding indicates IHC assay ER+ tumours (red), ER— cases (blue),
and intermediate/indeterminate cases (cyan). The plot is concordant with the known
association between HER2 and ER; HER?2 overexpression generally occurs much more
frequently in ER— tumours at a rate of about 30-40%. Frame (b) displays the fitted
probabilities from the probit regression model linked to the latent factors as predictors
of the IHC binary measures of ER and PR positivity, with colour coding as in frame (a).
The positive correlation of ER and PR is evident in these factor-based probabilities, as
is the discriminatory role of the estimated factors.
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Plate 12.1. Hypothetical distribution of difference scores for nondifferentially expressed
(left, fo) and differentially expressed genes (center, fi), and the observed mixture (right,
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Plate 14.4. Peak detection. Posterior mean for the overall mean spectrum, By(z), with
detected peaks indicated by the dots. A peak is defined to be a location for which its
first difference and the first difference immediately preceding it are positive, and the
first differences for the two locations immediately following it are negative.
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Plate 14.7. Laser intensity effect. Posterior mean laser intensity effect near peaks of
interest at (a) 3412.6 and 3496.6 and (c) 11721, along with 95% pointwise posterior
credible bands. The red dots indicate the locations of peaks detected in the fitted mean
spectrum. Panels (b) and (d) contain the corresponding fitted posterior mean curves for
the overall mean and the laser intensity-specific mean spectra in the same two regions.
Note that the nonparametrically estimated laser intensity effects are able to adjust for
both shifts in location (x-axis, see (a) and (b)), and shifts in intensity (y-axis, see (c) and

(d)).
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expression.
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Plate 21.1. Bayesian network models learned by model averaging over the 500 highest-
scoring models visited during the simulated annealing search runs with a uniform prior
and hard informative prior, respectively. Edges are included in the figure if and only if
their posterior probability exceeds 0.5. Node and edge color descriptions are included
in the text.
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Abstract

High throughput biological assays supply thousands of measurements per sam-
ple, and the sheer amount of related data increases the need for better models
to enhance inference. Such models, however, are more effective if they take
into account the idiosyncracies associated with the specific methods of mea-
surement: where the numbers come from. We illustrate this point by describing
three different measurement platforms: microarrays, serial analysis of gene
expression (SAGE), and proteomic mass spectrometry.

1.1 Introduction

In our view, high-throughput biological experiments involve three phases: ex-
perimental design, measurement and preprocessing, and postprocessing. These
phases are otherwise known as deciding what you want to measure, getting
the right numbers and assembling them in a matrix, and mining the matrix for
information. Of these, it is primarily the middle step that is unique to the par-
ticular measurement technology employed, and it is there that we shall focus
our attention. This is not meant to imply that the other steps are less important!
It is still a truism that the best analysis may not be able to save you if your
experimental design is poor.

We simply wish to emphasize that each type of data has its own quirks
associated with the methods of measurement, and understanding these quirks
allows us to craft ever more sophisticated probability models to improve our
analyses. These probability models should ideally also let us exploit information
across measurements made in parallel, and across samples. Crafting these
models leads to the development of brand-new statistical methods, many of
which are discussed in this volume.
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In this chapter, we address the importance of measurement-specific method-
ology by discussing several approaches in detail. We cannot be all-inclusive,
so we shall focus on three. First, we discuss microarrays, which are perhaps
the most common high-throughput assays in use today. The common variants
of Affymetrix Gene Chips and spotted cDNA arrays are discussed separately.
Second, we discuss serial analysis of gene expression (SAGE). As with mi-
croarrays, SAGE makes measurements at the mRNA level, and thus provides a
picture of the expression profile of a set of cells, but the mechanics are different
and the data may give us a different way of looking at the biology. Third, we
discuss the use of mass spectrometry for profiling the proteomic complement
of a set of cells.

Our goal in this chapter is not to provide detailed analysis methods, but rather
to place the numbers we work with in context.

1.2 Microarrays

Microarrays let us measure expression levels for thousands of genes in a single
sample all at once. Such high-throughput assays allow us to ask novel biological
questions, and require new methods for data analysis.

In thinking about the biological context of a microarray, we start with our
underlying genomic structure [4]. Your genome consists of pairs of DNA
molecules (chromosomes) held together by complementary nucleotide base
pairs (in total, about 3 x 10° base pairs). The structure of DNA provides an
explanation for heredity, by copying individual strands and maintaining com-
plementarity.

All of your cells contain the same genetic information, but your skin cells
are different from liver cells or kidney cells or brain cells. These differences
come about because different genes are expressed at high levels in different
tissues. So, how are genes “expressed”?

The “central dogma” of molecular biology asserts that “DNA makes RNA
makes protein.” In order to direct actions within the cell, parts of the DNA will
uncoil and partially decouple to expose the piece of the single strand of DNA
on which a given gene resides. Within the nucleus, a complementary copy of
the gene sequence (not the entire chromosome) is assembled out of RNA. This
process of RNA synthesis is called transcription: copying the message. The
initial DNA sequence containing a gene may also contain bits of sequence that
will not be used — one feature of gene structure is that genes can have both
“coding” regions (exons) and “noncoding” regions (introns). After the initial
RNA copy of the gene is made, processing within the nucleus removes the
introns and “splices” the remaining pieces together into the final messenger
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RNA (mRNA) that will be sent out to the rest of the cell. Once the mRNA
leaves the nucleus, the external machinery (ribosomes) will read the code and
assemble proteins out of corresponding sequences of amino acids. This process
of assembling proteins from mRNA is called translation: mapping from one
type of sequence (nucleotides) to another (amino acids). The proteins then fold
into 3d configurations that in large part drive their final function. If different
genes are copied into RNA (expressed) in different cells, different proteins
will be produced and different types of cells will emerge. Microarrays measure
mRNA expression.

In thinking about the informational content of these various stages for un-
derstanding cellular function, we need to know different things. For DNA, we
need to know sequence. For mRNA, we need both sequence and abundance;
many copies can be made of a single gene. Gene expression typically refers
to the number of mRNA copies of that gene. For protein, we need sequence,
abundance, and shape (the 3d configuration).

If we could count the number of mRNA molecules from each gene in a
single cell at a particular time, we could assemble a barchart linking each
gene with its expression level. But how do we make these measurements? As
suggested, we exploit complementarity: sequences of DNA or RNA containing
complementary base pairs have a natural tendency to bind together:

.. .AAAAAGCTAGTCGATGCTAG. . .
.. .TTTTTCGATCAGCTACGATC. ..

If we know the mRNA sequence (which we typically do these days, since we
can look it up in a database), we can build a probe for it using the complementary
sequence. By printing the probe at a specific spot on the array, the probe location
tells us the identity of the gene being measured.

There are two common variants of microarrays:

e Oligonucleotide (oligo) arrays, where short subsequences of the gene are
deposited on a silicon wafer using photolithography (primarily Affymetrix).

e Full-length (entire gene) arrays, where probes are spotted onto a glass slide
using a robotic arrayer. These generally involve two samples run at the same
time with different labels.

1.2.1 Affymetrix Gene Chips

In looking at the structure of Affymetrix data, there are several in-depth re-
sources [2, 3, 39] that serve as major sources for what follows, including the
company’s Web site, www.affymetrix. com.
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In general, genes will be hundreds or thousands of bases in length, and the
probes are shorter by an order of magnitude. This is driven in part by the
manufacturing process, as the cost of synthesis increases with the number of
bases deposited. Thus, choosing probes to print requires finding sequences that
will be unique to the gene of interest (for specific binding) while still being
short enough to be affordable. The final length decided on was 25 bases, and all
Affymetrix probes are this length. It is important to note that different probes for
the same gene have different binding affinities, and these affinities are unknown
a priori. Thus, it’s difficult to tell whether “gene A beats gene B,” as opposed
to “there’s more gene A here than there.” Microarrays only produce relative
measurements of gene expression.

Given that the affinities are unknown, we can guard against problems with
any specific probe by using several different probes for each gene. The optimal
number of probes is not clear. Subsequent generations of Affymetrix chips have
used 20 (e.g., HuGeneFL, aka Hu6800), 16 (U95 series), and 11 (U133 series)
probes. There are some further difficulties with choosing probes:

Some genes are short, so multiple subsequences will overlap.

Genes have an orientation, and RNA degradation begins preferentially at one
end (3’ bias).

The gene may not be what we think it is, as our databases are still evolving.
Probes can “cross-hybridize,” binding the wrong targets.

Overlapping, we can live with. Orientation can be addressed by choosing the
probes to be more tightly concentrated at one end. Database evolution we
simply cannot do anything about. Cross-hybridization, however, we may be
able to address more explicitly.

Affymetrix tries to control for cross-hybridization by pairing probes that
should work with probes that should not. These are known as the Perfect Match
(PM) and Mismatch (MM) probes, and constitute “probe pairs.” The PM probe
is perfectly complementary to the sequence of interest. The MM probe is the
same as the PM probe for all bases except the middle one (position 13), where
the PM base is replaced by its Watson—Crick complement.

PM : GCTAGTCGATGCTAGCTTACTAGTC
MM : GCTAGTCGATGCAAGCTTACTAGTC

Ideally, the MM value can be used as a rough assessment of the amount of
cross-hybridization associated with a given PM probe.

Affymetrix groups probe pairs associated with a given gene into “probe sets”;
a given gene would be represented on a UI33A chip by a probe set containing
11 probe pairs, or 22 probes with distinct sequences. The probes within a probe
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set are ordered according to the position of the specific PM sequence within
the gene itself. We have described the ideal case above, but in practice the
correspondence between genes and probe sets is not 1-to-1, so some genes are
represented by several probe sets.

Having printed the probes, we now need to attach the target mRNA in such
a way that we can measure the amounts bound. When we extract mRNA
from a sample of cells, we do not measure this mRNA directly. Rather, we
make copies. Copies are produced of the complementary sequence out of RNA
(cRNA). Some of the nucleotides used to assemble these copies have been
modified to incorporate a small molecule called biotin. Biotin has a strong
affinity for another molecule called streptavadin; their binding affinity is the
strongest known noncovalent biological interaction. After the biotin-labeled
cRNA molecules are hybridized to the array, they are stained with a conjugate of
streptavadin and phycoerythrin; phycoerythrin is one of the brightest available
fluorescent dyes. The final complex of printed probe, biotinylated target, and
streptavadin-phycoerythrin indirect label is then scanned, producing an image
file. For our purposes, this image constitutes bedrock: The image is the data.

All Affymetrix Gene Chips are scanned in an Affymetrix scanner, and the
initial quantification of features is performed using Affymetrix software. The
software involves numerous files. The file types are

[EXP] Contains basic information about the experiment

[DAT] Contains the raw image

[CEL] Contains feature quantifications

[CDF] Maps between features, probes, probe sets, and genes

[CHP] Contains gene expression levels, as assessed by the Affy software

Most frequently, we start with a DAT file, derive a CEL file, and then make
extensive use of the CEL and CDF files. We make no further use of the EXP
and CHP files here.

To illustrate the procedure, we begin by looking at the contents of a DAT file
from a U95Av2 chip (the raw image), shown in Figure 1.1A.

The array has 409,600 probes (features) arranged in a 640 x 640 grid. There
is actually some structure that can be seen by eye, as we can see if we zoom in on
the upper left corner: Figure 1.1B. The pixelated features have been combined
with positive controls to spell out the chip type — this helps ensure that the
image is correctly oriented. We note the border lattice of alternating dark and
bright QC probes, making image alignment and feature detection easier.

If we zoom in further on a single PM/MM pair or feature, shown in Fig-
ure 1.2A and B, we can see that features are square. The horizontal and vertical
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Fig. 1.1. An Affymetrix image (.DAT) file. (A) The entire image, 4,733 pixels on a side,
containing 409,600 features. (B) A zoom on the upper left corner of the image. Controls
are used in a checkerboard pattern to indicate the print region border, and to designate
the chip type. This is a U95Av2 chip; on v2 chips the “A” is filled in.
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Fig. 1.2. Sets of Affymetrix image features. (A) A PM/MM pair. Note that the PM pixel
readings are higher than the MM readings. (B) A zoom on the PM feature. (C) The
PM feature after trimming the outer boundary. Only the remaining pixels are used in
deriving a summary quantification (the 75th percentile).

alignment with the edges of the image is pretty good, but feature boundaries
can be rather blurry.

Each feature on this chip is approximately 20 um on a side. The scanner
used for this scan had a resolution of 3 um/pixel, so the feature is about 7 pixels
on a side (more recent scanners have higher resolution). In general, Affymetrix
features are far smaller than the round spots in the images of other types of
microarrays.

The DAT file structure consists of a 512-byte header followed by the raw
image data. The image shown above involved a 4733 x 4733 grid of pixels, so
the total file size is 2 x 47332 + 512 = 44,803,090 bytes (45 MB). This is big.
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File size is a nontrivial issue with Affy data; earlier versions of the software
could only work with a limited number of chips (say 30). Given this size,
our first processing step is to produce a single quantification for each feature,
keeping in mind that the edges are blurry and that the features may not be
perfectly uniform in intensity.

The CEL file contains the feature quantifications, achieved as follows. First,
the four corners of the entire feature grid (here 640 x 640) are located within
the DAT file, and a bilinear mapping is used to determine the pixel boundaries
for individual features. Given the pixels for a single feature, the outermost
boundary pixels are trimmed off, as shown in Figure 1.2C. Finally, the 75th
percentile of the remaining pixel values is stored as the feature summary.
Trimming is understandable, as this accounts for blurred edges in a moderately
robust way. Similarly, using a quantile makes sense, but the choice of the 75th
percentile as opposed to the median is arbitrary.

When Affymetrix data is posted to the Web, CEL files are far more often
supplied than DAT files. Over time, there have been various versions of the
CEL format. Through version 3 of the CEL file format, this was a plain text
file. In version 4, the format changed to binary to permit more compact storage
of the data. Affymetrix provides a free tool to convert between the file formats.

In the plain text version, sections are demarcated by headers in brackets, as
in the example below. The header tells us which DAT file it came from, the
feature geometry (e.g., 640 x 640), the pixel locations of the grid corners in the
DAT file, and the quantification algorithm used. This is followed by the actual
measurements, consisting of the X and Y feature locations (integers from O to
639 here), the mean (actually the 75th percentile) and standard deviation (this,
conversely, is the standard deviation), and the number of pixels in the feature
used for quantification after trimming the border. An example of a CEL file
header is given below.

[CEL]

Version=3

[HEADER]

Cols=640

Rows=640

TotalX=640

TotalY=640

OffsetX=0

0ffsetY=0
GridCornerUL=219 235
GridCornerUR=4484 253
GridCornerLR=4469 4518
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GridCornerLL=205 4501
Axis-invertX=0
AxisInvertY=0
swapXY=0
DatHeader=[0..19412] U95Av2_CDDO_12_14_01: CLS=4733
RWS=4733 XIN=3 YIN=3 VE=17 2.0 12/14/01 12:23:30
HG_U95Av2.1sq 6 Algorithm=Percentile
AlgorithmParameters=Percentile:75;CellMargin:2;
OutlierHigh:1.500;0utlierLow:1.004
[INTENSITY]
NumberCells=409600
CellHeader=X Y MEAN STDV NPIXELS

0 0 133.0 16.6 25

1 0 8150.0 1301.3 20

A version 3 CEL file reduces the space required to about 12 MB from
45 MB for a DAT file, but we could do better. The X and Y fields are not
necessary, as these can be inferred from position within the CEL file. Keeping
1 decimal place of accuracy for the mean and standard deviation doubles the
storage space required (moving from a 16-bit integer to a float in each case) and
supplies only marginally more information. Finally, most people do not use the
STDV and NPIXELS fields. Keeping only the mean values and storing them
as 16-bit integers, storage can be reduced to 2 x 6402 = 819,200 bytes. This
type of compression is becoming more important as the image files get even
bigger.

The above description covered Affymetrix version 3.0 files. In version 4.0,
in binary format, each row is stored as a MEAN-STDV-NPIXEL or float-float-
short triplet, which cuts space, but not enough. Most recently, Affymetrix has
introduced a CCEL (compact CEL) format, which just stores the integer mean
values as discussed above.

The above problem, going from the image to the feature quantification, is a
major part of the discussion for quantification of other types of arrays because
there, we get only one spot per gene. For Affymetrix data, the company’s
quantification has become the de facto standard. It may not be perfect, but it is
reasonable. The real challenge with Affymetrix data lies in reducing the many
measurements of a probe set to a single number.

In summarizing a probe set, we first need to know where its component probes
are physically located on the chip. With any set of microarray experiments, one
of the major challenges is keeping track of how the feature quantifications map
back to information about genes, probes, and probe sets. The CDF file specifies
what probes are in each probe set, and where the probes are. There is one CDF
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file for each type of GeneChip. The header is partially informative, as shown
in the example below.

[CDF]

Version=GC3.0
[Chip]
Name=HG_U95Av2
Rows=640

Cols=640
Number0fUnits=12625
MaxUnit=102119
NumQCUnits=13
ChipReference=

[Unit250_Blocki]
Name=31457_at
BlockNumber=1
NumAtoms=16
NumCells=32
StartPosition=0
StopPosition=15

CellHeader=X Y PROBE FEAT QUAL EXPOS
POS CBASE PBASE TBASE ATOM  INDEX
CODONIND CODON REGIONTYPE REGION

Cell1=517 568 N control 31457_at 0
13 A A A 0 364037
-1 -1 99

Cell2=517 567 N control 31457_at O
13 A T A 0 363397
-1 -1 99

Cell3=78 343 N control 31457_at 1
13 T A T 1 219598

For this probe set, 31457 _at, there are 16 “atoms” corresponding to probe
pairs (this is the standard number for this vintage chip) and 32 “cells” corre-
sponding to individual probes or features. The first probe pair (index 0), with
the PM sequence closest to one end of the gene, is located on the chip in the
518th column (the X offset is 517) and in the 568th and 569th rows. The in-
dex values for these probes are (567 x 640) 4+ 517 = 363397 and 364037. The
feature in Cell 2 is the PM probe, as (a) it has a smaller Y index value, and (b)
the probe base (PBASE) in the central base position (POS) 13 is a T, which
is complementary to the corresponding target base (TBASE). The remaining
values in a given row are less important. The CDF files do not contain the actual
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probe sequences, but all CDF files and probe sequences are now downloadable
from www.affymetrix.com.

On early Affymetrix chips, all probes in a probe set were plotted next to each
other. This was soon realized to be imperfect, as any artifact on a chip could
corrupt the measurements for an entire gene. On more recent chips, probes
within a probe set are spatially scattered, though PM/MM pairs are always
together (the PM probe is always closer to the edge on which the chip id is
spelled out).

Given quantifications for individual chips, we turn next to quantifying a data
set, relating probe set values across chips.

Before we quantify individual probe sets, however, we need to address the
problem of normalization: Is the image data roughly comparable in intensity
across chips? Adding twice as much sample may make the resultant image
brighter, but it does not tell us anything new about the underlying biology. In
most microarray experiments, we are comparing samples of a single tissue type
(e.g., diseased brain to normal brain), and in such cases we assume that “most
genes do not change.” Typically, we enforce this by matching quantiles of the
feature intensity distributions. Given that the chips have been normalized, we
still need to find a way of summarizing the intensities in a probe set. The PM
and MM features for an example probe set are shown in Figure 1.3A and B.

The earliest widely applied method was supplied by Affymetrix in version
4 of their Microarray Analysis Suite package, and is commonly referred to as
MAS 4.0 (“Mass 4”) or AvDiff [2]. AvDiff works with the set of PM—MM
differences in a probe set one array at a time. These differences are sorted in
magnitude, the minimum and maximum values are excluded, and the mean and
standard deviation of the remaining differences are computed. Using this mean
and standard deviation, an “acceptance band” for the differences is defined as
=£3 s.d. about the mean. All of the differences falling within this band are then
averaged to produce the final AvDiff value. This is illustrated in Figure 1.3C.
In the case illustrated here, the minimum value was excluded at the first step,
but fell into the acceptance band and was thus included in the final average,
moving the value down slightly.

AvDiff does have some nice features. It combines measurements across
probes, trying to exploit redundancy, and it attempts to insert some robustness.
However, there are some questionable aspects. AvDiff weights the contributions
from all probes equally, even though some may not bind well. It works on the
PM—MM differences in an additive fashion, but some of the effects may be
multiplicative in nature. It can give negative values, which are hard to interpret.
In some cases, where all of the signals for a probe set are concentrated in a very
small number of probes, these may be omitted altogether if they fall outside
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Fig. 1.3. A single probe set from a Hu6800 chip, containing 20 PM/MM pairs. (A) A
heatmap of the feature intensities extracted from the CEL file. (B) Plots of the PM (solid)
and MM (dashed) values shown in (A). Feature values are not uniform across the probe
set, and MM values occasionally exceed PM. (C) A plot of the PM—MM differences,
showing the computation of AvDiff. The extreme values (circled) are initially excluded,
and the mean and +3 s.d. bounds (dotted) are imposed. All points within this band are
then averaged to produce AvDiff (dashed).

the band. All of these drawbacks, in our view, can be tied to the fact that
AvDiff works one chip at a time, and does not “learn” with the addition of more
chips.

Learning from multiple chips requires an underlying model with parameters
that can be estimated. In 2001, Cheng Li and Wing Wong introduced a new
method of summarizing probe set intensities as “model-based expression in-
dices,” or MBEI [35, 36, 59]. At the crux of their argument was a very simple
observation — the relative expression values of probes within a probe set were
very stable across multiple arrays.

Looking at the PM and MM profiles for the same probe set in 10 chips
from a single experiment, as shown in Figure 1.4, we can see that the overall
shape of the profile is fairly consistent. It is the amplitude of this profile which
changes, and which contains the summary information about the level of gene
expression.
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Fig. 1.4. Plots of PM and MM intensities for the same probe set on 10 different chips. The
overall profile shapes are fairly consistent across chips, with changes in gene expression
linked to amplitude. Modeling the shapes can improve inferences about expression
levels.

In order to exploit this stability, Li and Wong fit a model for each probe set:
for sample i and probe pair j, they posit that

PMi‘ =Vj +950lj +9i¢j + €,
MMi' Vj +9,’0[j + €,

where v; and 6;«; are intended to capture nonspecific binding, and € is Gaus-
sian noise. Focusing on the PM—MM differences, this model condenses to
one with two sets of unknowns: 6; and ¢;. The ¢; terms correspond to the
individual probe affinities, and give the shape of the profile. The 6; values give
the amplitudes.

The MBEI approach caught on fairly quickly, in part because the numerical
approach made sense, but also due to the fact that it was imbedded in the free-
ware “DNA Chip Analyzer” (dChip) package, available at www.dchip.org.
This package has a very friendly user interface, and addresses many of the most
common questions (which genes are different? how should I cluster them?) in
a straightforward fashion. Further, by encoding the contents of CEL and CDF
files in a binary format using analogs of the data structures outlined above, the
program could handle lots of chips at once, and it could handle them quickly.

Using a model has several benefits. By using multiple chips, it can keep all
of the probes; there is no tossing of the most informative ones. By checking
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the residuals from the model, it is possible to identify outliers due to artifacts.
Using the hypothesized error model, confidence bands for the fold change can
be computed. Probe profiles can be computed in one experiment and used in
another.

The downside of most models is that they require several chips in order to
estimate the underlying model parameters. It is not a good idea to trust the
fits too much if they are based on just one or two chips; 10 or more is better.
However, we are not convinced that it is a bad thing to require a larger minimum
number of chips for drawing inferences.

The dChip model captures effects that are multiplicative, and inherits the
other good features of a model. However, the probability model is too simplistic,
as larger intensity probes typically also have larger variances.

In the wake of dChip, several other quantification methods have been sug-
gested, with many (but not all) using model-based approaches. A partial list
includes MAS 5.0, RMA, and PDNN.

The next algorithm from Affymetrix, MAS 5.0 [3], still produces quantifi-
cations one chip at a time, but replaces the MM values with a rather intricate
change threshold (CT) to avoid negative values. The differences are then com-
bined using a robust measure:

Tukey Biweight(log(PM; — CT;)).

The robust multichip analysis (RMA) method of Irizarry et al. [27, 28]
also uses a model for fitting the data, but the model differs from dChip’s in
some key ways. First, the authors elected to ignore the MM values, contending
that any gains in accuracy were more than offset by losses in precision, in
a classic bias-variance tradeoff. Second, since the MM values were not on
hand, “background” levels were estimated from the distribution of PM probe
intensities and subtracted off in such a way as to avoid negative values [13].
Third, the model introduced stochastic errors on the log scale as opposed to the
raw intensity scale. The final model is of the form

IOg(PM,'j — BG) = Wi +Olj +€,'j.

The above approaches use the probe intensities, but there is additional bi-
ological structure that can be exploited. In particular, Affymetrix now makes
the actual probe sequences available, though it did not when it first started
selling chips. Using the sequences, it is possible to build models describing
the default binding efficiencies for individual probes, and to decouple this
from binding due to gene abundance. This approach was first exploited in the
Position-Dependent Nearest Neighbor (PDNN) approach introduced by Zhang



14 Baggerly, Coombes, and Morris

et al. [76]. The RMA method has since been extended to incorporate sequence
information in its modeling, giving GCRMA [73].

Given the proliferation of models, we need some means of deciding which
ones are “better.” In order to make such assessments, we need to have some
datasets for which “truth” can be known a priori, and some set of defined metrics
that measure proximity to truth. The most widely used truth-known data set
is a Latin Square experiment supplied by Affymetrix, in which 14 genes were
spiked into a common mixture according to a twofold dilution series, which
was then cyclicly permuted so that each gene was assessed at each dilution
level. In this case, only the spiked-in genes should be changing in expression,
and the amount of change is potentially known. In order to quantify truth, Cope
etal. [20] introduced a suite of metrics for putting each method through its paces
on the canonical data sets. The results for many different methods have been
assembled and posted athttp://affycomp.biostat. jhsph.edu/, and new
submissions are welcome.

In addition to dChip, there are now several software packages available for an-
alyzing Affymetrix data, but the most widely used in the statistical community
are probably those implemented in R and freely available from Bioconductor.
R packages exist for implementing all of the approaches discussed here, and
most methods are sufficiently modular that different background correction,
normalization, and quantification methods can be juggled to suit. The book by
Gentleman et al. [25] provides an excellent introduction to this resource. Not
all of the methods available are equally fast; however, so for the analysis of
large data sets dChip and “justRMA” or “justGCRMA” in R are the ones that
we would suggest.

The models for Affymetrix data are now reasonably good, but dozens of
questions remain. Combining results of Affymetrix experiments across differ-
ent labs and different chip types is still difficult, and integrating these results
with those from glass arrays is still harder. Eventual combination of results at
the RNA level with those from the DNA and protein levels is tantalizing.

1.2.2 Spotted cDNA Arrays

We now shift from Affymetrix oligonucleotide arrays to spotted cDNA arrays.
Here, a good set of overview articles (from 1999) is available as a special
supplement to Nature Genetics, “The Chipping Forecast” [47]; see also [61, 60].
While the biological questions of interest are similar, the probes used are quite
different. On most cDNA arrays, the probes used correspond to full-length
copies of the gene of interest (sans introns), though there has been recent
interest in long-oligo arrays that use probes that are 60 or 70 bases in length
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(60-mers or 70-mers). Typically, each gene will be represented by one probe,
not a set. The other major distinction is that two samples, not one, are typically
hybridized to each array. The samples are prepared using different incorporated
dyes, mixed, and the mixture is then hybridized to the array.

The method of dye incorporation is different for spotted arrays than for
Affymetrix Gene Chips. On a gene chip (as noted), the fluorescent dye is
applied after hybridization has taken place (indirect labeling), but this strategy
does not work if multiple samples need to be labeled with different dyes. Rather,
when copies of mRNA are made for spotted arrays, they are made of cDNA,
and some of the bases used in the assembly of these copies have had molecules
of fluorescent dye attached. Thus, the dye is incorporated into the copies before
hybridization (direct labeling). These labeled copies are then hybridized to the
array, binding molecules of dye in specific positions.

The most commonly reported gene summary is the log ratio of two intensity
measurements, corresponding to the two dyes with which the two types of
cells being compared have been respectively tagged. The most commonly used
dyes are Cy5 (red) and Cy3 (green). Thus, the single number quoted is derived
from the two intensity values. The intensity values are also derived quantities;
they are derived from images. Again, for our purposes these images represent
bedrock. Images are our raw data.

These images are scans of slides with lots of dots on them, each dot corre-
sponding to the location of a DNA probe to which labeled cDNA derived from
the cells of interest has been bound. In some early experiments from M.D.
Anderson, there were approximately 4,800 dots on a slide, arranged in a 4 by
12 grid of patches, with each patch containing a 10 by 10 grid of dots. When
the images of the slide were produced, we got 3248 by 1248 arrays of grayscale
pixel values. The scans from one such slide are shown in Figure 1.5A and B.
The patch structure is quite apparent. This structure is linked to the method of
depositing the probes. In printing, a robotic arrayer takes an array of print tips
(similar to needles), dips them in wells of the DNA to be printed, moves the
coated print tips over to the slide, taps lightly to transfer probes, and takes the
print tips over to a wash solution before repeating the process. The arrayer we
used had a 4 by 12 array of print tips; each visible patch has been applied by a
single print tip.

Returning to consideration of the images, each pixel is a 16-bit intensity
measurement, so values range from 0 to 65,535. There is no color inher-
ently associated with these images, which is why we have presented them in
grayscale; other colormaps are externally applied to enhance contrast. Each
image is about 8 MB in size, which is large enough to make manipulation and
transmission somewhat unwieldy at times. As more genes are spotted on the
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Fig. 1.5. Cy3 and Cy5 image scans from a spotted cDNA microarray. (A) The full Cy3
image. (B) The full Cy5 image. In both A and B, the patch structure (one per print-tip on
the arrayer) is apparent. (C) A zoom on a Cy3 patch. (D) A zoom on the corresponding
CyS5 patch. The top half of each patch is replicated in the bottom half, and this structure
is visible. Imperfections in both the spotting and the image can also be seen, most clearly
in the zooms.

arrays, and the scanner resolutions are improved so that smaller objects can be
seen, these images will increase in size. It should be noted that the 16-bit nature
of the images can make things difficult to work with in ways not having to do
with file size. Some image viewing software assumes that the values are 8-bit,
ranging from 0 to 255, and consequently either fails to show the large image or
shows it as full white (all values set to 255). The values can be converted to 8-bit
fairly simply, as 8-bit = floor(16-bit/256), but we lose gradation information.
As the dynamic range of these images is quite large, this loss can be damaging
for the purposes of analysis.

To make things more concrete in getting down to the actual spot level, we
focus on a single 10 by 10 patch, marked in the bottom left of the large images.
The corresponding regions from the two image files are shown in Figure 1.5C
and D. These arrays were printed with replicate spottings of the same genes:
within each patch, the top half of the patch is replicated in the bottom half.
This replicate structure is visible — the brightest Cy3 spots are in rows 4 and 9
of column 7 of the patch, a replicate pair — giving us some confidence in the
assay.

A few other things are immediately apparent. First, the “dots” are not re-
ally “dot-like” in most cases. Rather, there are rings of high intensity about
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Fig. 1.6. Zoom on a single Cy3 spot. The ring shape is visible, indicating uneven
hybridization. Further, the side view shows that readings outside the spot are not at zero
intensity. (See color plate 1.6.)

lower-level centers. This is true across both channels, indicating that the ring
pattern matches the amount of cDNA on the slide. The most likely explanation
is that surface tension on the drop as it dries may cause clumping at the edges.
In any event, how does morphology affect our measurements? Second, the dots
are not of equal size. This may make it difficult for an automatic procedure to
find the appropriate placement of a dot-shaped target ring. Third, there is some
mottling in the lower left corner (most visible in the Green channel). How does
this affect our assessment of how intense the dots in that region are?

Before considering these questions further, let us take a closer look at a single
spot, highlighted in Figure 1.5C. An expanded view of this spot is shown in
Figure 1.6. The ring shape is visible, indicating uneven hybridization. Further,
the side view shows that readings outside the spot are not at zero intensity,
indicating the need for some type of background subtraction so that we have
moderately good estimates of where zero should be.

All of these issues point out the need for good image quantification algorithms
for summarizing the spots. Some more detailed descriptions of algorithms for
image segmentation, background estimation, and spot summaries are given in
Yang et al. [74]. There are several software packages (mostly commercial) now
available for quantifying array images.

Given the metrics, however, a more basic question is why two samples are
used per array as opposed to one. The main reason is to guard against artifacts.
Some spots are bigger than others, and thus bind more material. The slide can
be tilted while hybridization is proceeding, resulting in more binding at one
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edge than another. Ideally, such artifacts will affect both channels similarly,
and taking ratios will cancel them out. If there are replicate spots printed on
the arrays, the importance of ratios can be checked by plotting the variance of
the replicate log intensities as a function of the mean, first for each individual
channel and then for the ratios. The variability of the ratios is typically less
(often much so).

While the use of two samples does protect against some large-scale biases,
it can also introduce new ones. The dyes used have different physical shapes,
and thus can have different binding efficiencies for given genes. In recognition
of this fact, many studies use one of two approaches for comparing two groups
of samples. The first approach involves direct comparison of a sample of type
A with a sample of type B on the same array. In this case, “dye swaps” are
used so that the A samples are labeled with Cy3 on some arrays and with Cy5
on others, so that dye biases can be factored out. The second approach is to
use the same dye to label the samples from both groups of interest, and to
contrast these with some common reference material labeled with the other
dye. Some of the design issues raised by this natural paired blocking structure
are discussed in [33, 63].

Even with these balancing features, normalization remains an issue, both
within and across arrays. Again, most methods make the simplifying assump-
tion that most genes do not change. Given this assumption, a common means
of correction is to plot the difference in channel log intensities as a function
of the average log intensity, and to fit a loess curve to the dot cloud. These
plots were introduced by Bland and Altman [12], but are more commonly re-
ferred to as “MA” plots in the microarray context [22]. Subtracting the loess
curve ideally normalizes expression values within the array. A further extension
of this approach is to apply a separate loess fit for the spots associated with
each print tip. This makes stronger assumptions about which groups of genes
are not expected to change, but smooths things more evenly. While we have
seen cases where print-tip loess has produced more stable values (and better
agreement between replicate spots), in many of these cases we are correcting
for spatial trends that are visible on the array images, as opposed to discrep-
ancies that are ascribable to the pins. Print-tip loess works in part because it
is a surrogate for spatial position. Once the individual arrays have been nor-
malized, quantile normalization can be used to match log ratio values across
arrays [75].

Given the spot quantifications, and knowledge of what samples are bound on
which arrays, there are freeware tools available for most basic analyses. Again,
the book by Gentleman et al. [25] provides a nice survey of the suite of R tools
available with Bioconductor.
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One last concern with glass arrays relative to Affymetrix chips is simply that
the number of different array configurations and gene spotting patterns is legion.
This means that annotation and gene information must be checked carefully
keeping the gene to spot mappings clear. It also means that comparisons across
different array platforms may yield different measures of the “same” gene if
different cDNAs are used.

1.3 SAGE

Microarrays work by exploiting hybridization to assess amounts of dye ag-
gregating to specific probes printed on the arrays. There are, however, some
potential downsides to microarrays. First, a microarray is a closed system, in
the sense that you will only be able to measure an mRNA if you have printed a
probe for it. Unexpected transcripts will not be seen. Second, the quantitative
nature of the data is somewhat questionable, as dye response is a nonlinear
phenomenon. Third, differences in protocols or preparations have made com-
parison of array results across labs difficult.

We would like to have some mechanism for more directly counting all of
the mRNA transcripts of a given type. Failing that, if we could take a random
sample of all of the mRNA transcripts available and count those, then this
would still provide an unbiased and quantitative profile of mRNA expression.
This idea of sampling and counting underlies the serial analysis of gene ex-
pression (SAGE) technique. Some case studies are given in [50-52, 56, 57, 64,
67-69, 77].

As before, we still need to know both sequence (identity) and abundance to
characterize the expression profile. With microarrays, the unknown sequence
of the transcript is inferred from the known sequence of the printed probe. With
SAGE, a part of the transcript itself is sequenced. Restricting attention to only a
part of the transcript is deliberate. While sequencing the entire transcript would
identify it unambiguously, sequencing is time-consuming and costly enough
that the expense would be prohibitive. We want to sequence just enough of the
transcript to identify it, and then move on. The question now becomes one of
how to biologically extract an identifying subsequence.

An identifying subsequence need not be long. Current estimates of the num-
ber of genes in the human genome are around 25,000-30,000. While alternative
splicing of the exons within the gene may allow the same gene to produce sev-
eral distinct transcripts, the total number of distinct transcripts is unlikely to
be more than a few hundred thousand. Considering the 4-letter DNA alphabet,
there are 4! = 1,048,576 distinct 10-letter “words,” suggesting that a 10 bp
(base pair) subsequence may be enough for unique identification. This rough
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calculation implicitly assumes that the 10 bp are in a specific location; it is
considerably harder to find unique subsequences if these are allowed to occur
anywhere within the gene. We are going to first specify position, and then
extract sequence. This process is rather intricate. The steps are illustrated in
Figure 1.7, and discussed in detail below.

We begin by harvesting the mRNA from a biological sample. The mRNA is
single-stranded and has a poly-A tail (Figure 1.7A). The mRNA is difficult to
work with, as it is prone to degradation, but DNA is more stable. We would thus
like to map the mRNA to cDNA. To get to DNA, we introduce a biotin-labeled
dT primer (Figure 1.7B) and use reverse transcriptase to synthesize more stable
double-stranded complementary DNA (cDNA; Figure 1.7C). Like the initial
mRNA, there is something special about one end (the biotin label), and we can
use this to “anchor” the cDNAs.

We anchor the cDNAs by binding the biotin to streptavidin-coated beads. To
focus on specific sites within the sequences, we introduce a restriction enzyme,
known in the SAGE context as the “anchoring enzyme” (AE), which will cut the
cDNA whenever a specific DNA “motif” occurs. We will only measure genes
that contain at least one occurrence of the motif, so we want the motif to be fairly
common; this in turn implies that the motif should be fairly short. Conversely,
we do not want the motif to be too short, or it will reduce the number of distinct
subsequences available afterwards. The most commonly used such enzyme is
NiIalll, which searches for the motif “CATG.” When this enzyme cleaves the
cDNA, it produces an “overhang” (an unmatched single strand) at the cleavage
site (Figure 1.7D). Cleaving produces a number of substrands, most of which
are “loose” — unconnected to the streptavidin bead (Figure 1.7E). These loose
fragments are washed away before the next step. At this point, we have zoomed
in on a particular site on each cDNA: the occurrence of the AE motif closest to
the bead (the mRNA poly-A tail).

As noted, cleaving typically produces an “overhang.” We can use this over-
hang to bind new “linker sequences” at the end. As it turns out, we are going
to bind two distinct linkers (Figure 1.7F). The two distinct linkers will be ex-
ploited in a PCR amplification step described below. So, we divide the material
into two pools, and add the two linkers. The linkers are different only at one
end; at the other they have an overhang (to match the bound sequence) and
another short motif, which will guide yet another enzyme. Within each pool,
the linker sequences will bind to the bound cDNAs due to base pairing — and
the sequences are ligated (Figure 1.7G).

Next, we introduce a “type IIS” restriction enzyme (called the “tagging
enzyme,” TE) which looks for the motif we introduced with the linker sequence.
Type IIS restriction endonucleases cleave not at the motif itself, but rather a
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Fig. 1.7. Steps in the preparation of a SAGE library. (A) Extract mRNA. (B) Add a
biotin-labeled primer. (C) Synthesize cDNA. (D) Cleave with an anchoring enzyme
(AE). (E) Discard loose segments. (F) Split cDNA into two pools, and introduce a
linker for each. (G) Ligate linker to bound cDNA fragments. (H) Cleave the product
with a tagging enzyme, and discard the bound parts. In addition to the linker, the piece
remaining contains a 10-base “tag” that can be used to identify the initial mRNA. (I)
Ligate the fragments, and use PCR starting from the primers attached to the linkers to
amplify. (J) Cleave with the AE again, and discard the pieces bound to the linker. The
remaining fragments contain pairs of tags, or “ditags,” bracketed by the motif recognized
by the AE. (K) Ligate the ditags and sequence the product. (See color plate 1.7.)

specific number of base pairs (say 20) away from it. Unlike the motif for the
anchoring enzyme, the motif for the tagging enzyme is asymmetric, so there is
a direction for placing the cut site. This cut is “blunt,” producing no overhang
(Figure 1.7H).
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At this point, the loose double strands in a pool have, in order, the linker, the
TE motif, the AE motif, and the 10 bp from the cDNA next to the anchoring
enzyme motif closest to the poly-A tail. This 10 bp subsequence is the “tag” that
we shall use to identify the parent gene.

To focus on the tags, we now remove the beaded ends, leaving just the loose
double strands. We then combine the two resultant pools, so that we have loose
strands with two different linkers. We then induce ligation amongst the strands
(Figure 1.71).

The sequence geometry is now

Linker A — TE AE (motifs) — ditag — AE TE — Linker B,

where the central region, or “ditag,” contains the identifying information for
two distinct transcripts. Ideally, this ditag is bounded by linker A on one side,
and linker B on the other. However, since the ligation is not targeted, it is
possible to get linker A (or B) on both sides.

We now have a pool of DNA, but not necessarily a large amount. Since it
is easier to work with large amounts of DNA, we amplify what we have using
PCR. PCR requires primers at both ends of the target amplification sequence,
and we can choose primers to match the two distinct linkers (this is why we
divided things into two pools). Thus, the resultant products will be overwhelm-
ingly of the form shown above, with linker A at one end and linker B at the
other.

An amplified ditag with linkers has a fairly well-defined mass, so filtering
of unwanted amplification products can be achieved using a gel. At this point,
the information containing part of the data has been compressed (the length of
the linker is less than the length of the gene, on average), but the linkers and
enzyme motifs are still extraneous and we would prefer not to sequence them.
Fortunately, if we reintroduce the AE, the linkers and the TE motifs will be
cleaved off from the ditags. To isolate the ditags (Figure 1.7]), we use another
gel to select for the appropriate target mass.

After the above selection and cleaving, the information content of a short
piece of DNA (ditag plus overhangs) is quite high, but short reads are inefficient
with respect to sequencing. Thus, we ligate the ditags together (Figure 1.7K).
We then sequence the concatenated product. A typical sequencing read involves
500 bp, or about 20 ditags and motifs. The AE motif actually provides a useful
bit of “punctuation” for quality control purposes.

Within the read, we locate a bracketing pair of motifs and extract the ditag
(this can be between 20 and 26 bp). The 10 bp closest to the left end give
one tag, and the 10 bp closest to the right end are reversed and complemented
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Table 1.1. Part of a SAGE Library

Tag Count Tag Count Tag Count

CCCATCGTCC 1286  CCTGTAATCC 448 TGATTTCACT 358
CCTCCAGCTA 715 TTCATACACC 400 ACCCTTGGCC 344
CTAAGACTTC 559  ACATTGGGTG 377 ATTTGAGAAG 320
GCCCAGGTCA 519 GTGAAACCCC 359 GTGACCACGG 294
CACCTAATTG 469  CCACTGCACT 359 - -

to give the other. The tabulated results from a set of reads comprise a SAGE
“library.” Part of a typical SAGE library is shown in Table 1.1.

Given the data, what questions can we ask? The most common goal is (as
with microarray experiments) to find genes that show expression levels that
vary with phenotype. There are, however, complexities associated with the
methods of measurement.

The first question is whether we see all the data. There are some sequences
that we should not see. If we see the AE motif within a tag, we know that that
is an artifact and should be excluded. In many cases, sequences corresponding
to mitochondrial DNA will also be excluded. If there are multiple occurrences
of a given ditag, typically only one is recorded, to preclude biases associated
with PCR amplification. If there are genes that do not contain an occurrence of
the cleavage site, these will not be seen. Similarly, if a cleavage site is too close
to the poly-A tail, the true identity may be obscured. Conversely, if the RNA is
of poor quality, sequence degradation can remove the cleavage site altogether.

There are other issues related to whether the tags we do see are “correct.”
Mappings of tags to genes are not always unique; the math suggesting that
10 bp should be “enough” relies on independence assumptions that likely do
not hold. At present, our genomic information is still a draft, so annotations are
not fixed. At the processing level, there are sequencing errors. Published rates
are about 0.7% per base pair, so to a first approximation 7% of the tags will
be so affected [66]. This can produce small “shadow” counts for tags that are
“similar” to abundant tags. This renders estimation with rare counts difficult,
and somewhat limits the dynamic range.

Interim fixes have been suggested for some of the above problems, but there
is still room for improvement. “Long SAGE” [58], where the tags are 14 bp or
more in length, has been introduced to address the issue of identification ambi-
guity. Many of the issues with identification could also potentially be resolved
by using multiple restriction enzymes to produce “coupled libraries,” but in
practical terms this rarely happens (see, however, [72]). Errors in sequencing
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can be addressed by deconvolution, pulling shadows back to their source, given
definitions of a local neighborhood in the sequencing space [18]. Alternatively,
information about the tag quality could be acquired at the time of sequenc-
ing and used to suggest the most likely fixes; sequences can produce quality
“phred” scores associated with each base read [11, 23].

Once the table of counts has been “finalized,” there is still the question
of choosing a good test statistic for assessing differential expression. Many
statistics have been proposed, most focusing on comparing one library with
another and dealing primarily with the Poisson sampling variability associ-
ated with extracting a count [5, 17, 30, 34, 40, 42, 44, 55, 77]. Some papers
have looked at more than two groups [46, 52, 57, 77], and some analogs of
ANOVA have been suggested [26, 65]. However, each library supplies a vec-
tor of proportions for an individual. Even under ideal conditions, estimates
of the true level of a proportion in a group of individuals are subject to two
sources of error: binomial variation associated with the count nature of the data,
and variation in proportions between individuals within a group [6, 7]. Better
methods for combining these proportions to estimate contrasts are still under
development.

At present, SAGE is not as widely used as microarrays, due primarily to the
higher costs of assembling libraries. However, these costs are also linked to the
costs of sequencing, and the approach may become more viable as sequencing
gets easier. The sequencing and counting approach, however, still has many
open questions associated with it. Given estimated rates of sequencing errors,
what is the realistic dynamic range of this approach? Given this dynamic
range, how big does a library need to be to catch the measurable changes
stably? Given the relative sizes of the between and within library variance
components, should we assemble more small libraries or a small number of
big ones? Massively parallel signature sequencing (MPSS) [16] enables the
assembly of huge libraries, but the costs are still high. If we compare SAGE
and microarray results, how should we measure agreement?

There are some software packages available for analyzing SAGE data, and
some large repositories of SAGE data. We recommend SAGE Genie [14] as a
source of data for further exploration.

1.4 Mass Spectrometry

Microarrays and SAGE let us measure the relative abundance levels of thou-
sands of mRNA transcripts all at once, giving us some picture of the dynamic
activity within the cell. However, much of the action is happening at the pro-
tein level, and we would really like to have the equivalent of a microarray for
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proteins as well. Some progress has been made on this front, but there are
several limitations here.

e The number of distinct proteins is larger than the number of genes.
e Many proteins undergo posttranslational modifications (e.g., phosphoryla-
tion), and it is the amount of modification that can affect things.

Thus, it can be hard to get abundance and identity at the same time. However,
we can make substantial progress if we relax one of these constraints, getting
only partial identification. One tool for getting such information, letting us
measure hundreds of proteins at once, is mass spectrometry. (More extensive
descriptions are given in [38, 62].)

Mass spectrometry works by taking a sample and sequentially adding a
charge to the substances to be measured (ionizing proteins, protein fragments, or
peptides), using electromagnetic manipulation to separate the ionized peptides
on the basis of their mass to charge (m/z) ratios, and using a detector to count
the abundance of ions with a given m/z ratio. Plotting abundance as a function
of m/z gives a mass spectrum. There are many variants of mass spectrometry,
corresponding to different modular configurations of ionization, separation, and
detection tools (not all combinations are possible), with much greater emphasis
on the methods of ionization and separation than detection.

Mass spectrometry has been around for a long time; it was first introduced
by J.J. Thomson around 1900, but it is only in recent decades that it has
generated great excitement as a tool for exploring the proteome. This delay was
due to limitations of the first few ionization methods available; charges were
attached or broken off with sufficient force that larger molecules (including
proteins) were torn apart into much smaller chunks. The late 1980s saw the
introduction of two “soft” ionization methods, matrix-assisted laser desorption
and ionization (MALDI) [31, 32] and electrospray ionization (ESI) [24] that
allowed measurements to extend to the tens and hundreds of kiloDaltons (kDa,
1 Da = the mass of a hydrogen atom).

Recently, mass spectra have begun to be explored for their potential di-
agnostic utility — can peaks in the spectra serve as biomarkers of the early
stages of diseases such as cancer? See, for example, [1, 37, 48, 49, 53, 71, 78].
While similar questions have been asked with respect to microarrays, a key
difference has been that many explorations with mass spectra have focused
on spectra obtainable from readily available biological fluids such as blood,
urine, or saliva. In this context, the most common mass spectrometry methods
used have been variants of MALDI coupled with a time-of-flight (TOF) ion
separator (MALDI-TOF). This is the only method that we discuss in detail
here.
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In MALDI-TOF, the sample of interest (e.g., serum) is combined with one of
several matrix compounds, and this mixture is applied to a stainless steel plate.
As the mixture dries, the matrix forms a crystal structure holding the proteins in
place. Many samples are typically spotted on the same plate; one MALDI plate
we have (square, and about 7 cm on a side) has 100 deposition sites indicated.
After the samples have been spotted, the plate is inserted into a receiving
chamber connected to the main measurement instrument. The chamber is then
pumped out to near vacuum conditions. A robotic arm is used to position
the plate so that the spot of interest is in a desired target area, and a laser
is then fired at the spot. Most of the laser energy goes into breaking the
crystal structure of the matrix apart, and less to shaking the peptides apart.
The physics of exactly how this works is not well understood. As a result of
the matrix fragmentation, many peptides break free into the gas phase. Most
matrix compounds are slightly acidic, and thus are willing to donate spare
protons to nearby molecules during fragmentation — the peptides going into
gas phase are ionized by capturing a small number of protons (typically 1-3
in the data we have seen). In the receiving chamber, a strong electric field
propels the ions toward a flight tube. This electric field is typically set up by
raising the potential of the plate itself (to V) before the laser is fired; the flight
tube entrance is at zero. The flight tube itself is field-free, so the ions drift with
the velocity imparted by the electric field until they reach a detector at the far
end of the tube. The detector attempts to record the number of ions hitting it as a
function of time of flight, assembling an initial form of the spectrum. Typically,
several (~100) laser shots are made and the resulting spectra are summed to
produce the final spectrum examined. To first order, the ions all cover the same
potential difference and thus the kinetic energy imparted is proportional to the
number of unbalanced charges, z (spare protons), the ion is carrying. The flight
tube itself is typically much longer than the region over which the potential
difference exists, and so the time spent in the acceleration region is typically
discounted and the ion is treated as moving at a fixed velocity down the flight
tube. Equating expressions for kinetic energy, we get

1,
— — V.
2mv z

As the velocity is fixed in the drift tube, v = L/t where L is the length of the
tube and ¢ is the time of flight. Substituting and rearranging the above equation,
we get

m/z = t>QV/L?) = kt?,

showing how the m/z ratio can be inferred from the time of flight.
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Fig. 1.8. Two views of the same MALDI-TOF spectrum. (A) Intensity plotted as a
function of m/z, which is the standard display option. (B) Intensity plotted against time
of flight, which is directly recorded by the instrument; m/z is a derived quantity. There
are two natural scales on which to look at this data, as the time to m/z mapping is not
linear.

MALDI spectra are commonly supplied as comma-separated value (CSV)
files with two columns, containing the m/z value and spectrum intensity for
each digitizer sample. Ignoring the m/z values, the rows give intensities that
are equally spaced in time. An example of a MALDI spectrum is shown in
Figure 1.8. The same spectrum is plotted against m/z in the panel A (the
most common display option), and against file row in the panel B. This dual
presentation is to emphasize that there is more than one natural scale on which
to examine this type of data. This spectrum was derived from a serum sample,
and peaks at 66 kDa and 150 kDa correspond to albumin and immunoglobulin,
known serum proteins. Most of the interest in the biomarker papers published
to date has been focused at somewhat lower m/z values; the identities of many
of the peaks seen here are not known, and we want to find some that are present
in patients with disease and not present in those without, or vice versa.

It is important to realize that not all of the peptides present in the sample
will be seen in a spectrum. Different types of matrix can cause different groups
of peptides to ionize more readily, so choosing a specific matrix amounts to
choosing a subset of the peptides to be examined. It is common to further subset
the peptides by “fractionating” the samples in a variety of ways; some separation
axes include pH (acidity) and hydrophobicity (greasiness). Fractionation yields
two clear benefits. First, it can allow for more precise identification of a peptide
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of interest. Several peptides may share a common (or very similar) m/z value,
and thus be “aliased” if the entire sample is used. Fractionation introduces
a second axis of separation for dealiasing. Second, it can remove (or split
off) some of the most abundant peptides. This is an issue because our present
instruments have a limited dynamic range, so if an abundant peptide is present
at a level of 100, a trace peptide present at a level less than 1 will simply not
be seen. The dynamic range of protein expression is thought to cover 9 or so
orders of magnitude, which means that truly scarce peptides will be difficult
to detect even with extensive fractionation [21]. The downside of fractionation
is that it requires more time, effort, and amount of starting material. One
variant of MALDI, known as surface-enhanced laser desorption and ionization
(SELDI), works by depositing the sample/matrix mixture on a chemically
precoated surface, where different surface coatings allow us to bind different
subsets of peptides with high efficiency. SELDI has been commercialized by
the company Ciphergen, which sells chips with different coatings preapplied, so
some fractionation is done for you. Ciphergen also sells their own instruments
and software, but there has been some experimentation with reading Ciphergen
chips with other instruments.

Having introduced the structure of the data, we now turn to processing
issues: Given a set of spectra, what do we have to do to it before analyzing an
expression matrix? A partial list of important steps includes

Spectral calibration

Correcting for matrix noise

Spectral denoising

Baseline estimation and subtraction

Peak detection and quantification

Normalization

Looking for common patterns and modifications (harmonics)

and we will address each in turn.

Earlier, we derived the relationship m/z = kt2. In theory, physical param-
eters such as the potential difference, tube length, and digitizer rate of the
detector are known and a value for k can be derived. In practice, the same peak
may drift slightly over time due to changes in the instrument. One common
way of addressing this problem is to run a “calibration sample” consisting of
only a small number of proteins whose identities are known a priori, produc-
ing a spectrum with a small number of clearly defined peaks, as illustrated in
Figure 1.9. The masses of the peptides are known, the flight times are empiri-
cally observed, and a set of (mass, time) pairs is used to fit a quadratic model
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Fig. 1.9. A SELDI calibration spectrum. The sample was composed of a small number
of known peptides, and the associated peaks are clearly seen. The known masses and
the observed times of flight are then used to fit a quadratic calibration equation.

of the form
m/z = at* + bt +c

by least squares. The model parameters found are then assumed to hold for
several samples. These parameters can change over time, so it is often useful
to check that some of the biggest peaks seen “line up” across samples [29].

Matrix noise is a problem unique to MALDI. When a sample is blasted
with a laser, many things break free, not just the peptides of interest. This
other, unwanted stuff is colloquially referred to as “matrix noise,” and it is
predominantly present at the very low m/z end of the spectrum. Matrix noise
can often saturate the detector, and detectors do not immediately recover after
saturation. This effect is quite unstable [41]. Empirically, this has largely been
addressed by excluding values below some chosen m/z cutoff. Exactly where
this cutoff should go is not clear, and it can be affected by other machine settings
such as the laser intensity. Higher intensity settings can blast loose heavier ions,
allowing higher m/z regions to be explored, but these same settings kick up more
noise and distort a larger low m/z region with noise. Conversely, low m/z regions
can be probed with lower laser settings.

Mathematically, we tend to think of spectra as being composed of three
pieces — the signals we want to extract, which are present as peaks, a smooth
underlying baseline, and some high-frequency noise. In short,

Yi(1) = ki Si(t) + Bi(t) + €ir,

where Y;(j) is the intensity of spectrum i at time index #, k; is a normalization
factor, S; is the protein signal of interest (a set of peaks), B; is baseline, and
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Fig. 1.10. Two raw MALDI spectra, with the peaks and intensities automatically flagged
by software superimposed. There are differences in baseline and scaling visible in the
raw spectra. These differences should be corrected for, but this was not done for the
peaks found. Baseline cannot be estimated from the peaks alone.

€ ~ N(0, o2(t)). We would like to remove the noise, subtract the baseline,
estimate the peaks, and scale the spectra. There is a natural order to these
steps, and performing them out of sequence (or omitting some) can make the
downstream analysis more difficult.

Many mass spectrometry instruments are sold with associated software that
will perform peak detection and quantification automatically, but these may
not address all of the steps. For one data set we examined, we were supplied
with both raw spectra and associated lists of peak locations and intensities. Two
spectra from this set are plotted as curves in Figure 1.10, with the peaks supplied
plotted as asterisks. The two spectra obviously have different baseline levels,
still have additive white noise present, and may involve different normalization
factors. However, the peak lists supplied use the intensities from the peaks
before adjusting for baseline or normalization, and baseline cannot be reliably
estimated from the peaks alone. We also note that one of the larger peaks,
near m/z 36,000, is missed in one spectrum because it was not “sharp enough.”
Matrix noise is present at the very lowest m/z values, where the spectra jump
out of view [10].

One problem with both denoising and peak detection is simply that peaks
can have different shapes in different parts of the m/z range; higher m/z peaks
are broader. Some factors that can contribute to this broadening are uncertainty
in the initial velocity of the peptide, isotopic spread, and the nonlinearity of
the clock tick to m/z mapping. The last of these was mentioned earlier, so we
expand only on the former two. When peptides are blasted loose from the ma-
trix crystal, all peptides of the same type do not break out with the same initial
velocity. Rather, there is a velocity distribution, causing the peak to be spread
out. This spread becomes more pronounced the longer the peptide drifts down
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the tube, and is thus bigger at higher m/z values. For higher m/z peptides, the
definition of “mass” can actually be somewhat ambiguous. Carbon, for exam-
ple, exists 99% as '>C and 1% as '*C. If a peptide contains 100 carbon atoms,
the mass contribution from these atoms will be roughly 1,200 plus a small
integer; this integer will have a Poisson distribution with mean 100 * 1% = 1.
Similar effects are associated with other elements. The overall isotopic spread
widens as mass increases, so that it is common to refer to both the monoisotopic
mass (assuming all carbons have mass 12) and the average mass (incorporating
the isotopic effects). It is possible to devise an approximate isotopic spread for a
peptide given either mass estimate, using the general abundances of carbon and
other elements in the population of amino acids. This can be used to sharpen
the peaks through deconvolution.

There are a number of denoising filters that exist for spectra (e.g., Savitzky-
Golay), but we admit a preference for wavelet-based methods that adapt natu-
rally to the multiscale nature of the data. Here, we map to the wavelet domain,
zero out the small coefficients (hard thresholding), and map back before looking
for peaks [19].

Once the spectra have been smoothed, we attempt to estimate baseline. At
present, we do not use very sophisticated algorithms for this purpose, gener-
ally sticking with a local minimum fit so that negative intensities will not be
produced by subtraction. Again, the “local” neighborhood used needs to be
altered as m/z increases. Even with basic algorithms, the effects can be rather
dramatic. In Figure 1.11, we show spectra derived from 20 pH fractions for a
single patient both before and after denoising and baseline subtraction (panels A
and B, respectively). In this case, baseline subtraction causes the more dramatic
effect, giving all of the base levels the same hue. As an aside, we note that this
display also points out that fractionation is an imperfect procedure, and that
signal from the same peptide can be found in several adjacent fractions.

After subtracting baseline from smoothed spectra, we still need to identify
peaks and get summary values for them. A first pass approach can use a simple
maximum finder. We could attempt to use peak areas instead, but we do not
pursue this here. We note, however, that locating the peaks can be aided by
considering a set of spectra rather than a single spectrum. Assuming the spectra
have been roughly aligned, we have found it useful to average spectra within a
group and perform peak detection on the average spectrum [45]. Averaging may
even be useful before doing wavelet denoising, as small peaks can be reinforced
as the noise level drops, and they can be retained. Values for individual spectra
can be extracted as local maxima in small windows about the central peak
location. The width of this window can be linked to the nominal precision of
the instrument. For a low-resolution instrument, the uncertainty can be on the
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Fig. 1.11. Spectra derived from 20 pH fractions of the serum from a single patient.
(A) Raw spectra. There are clear differences in baseline, seen as different shadings for
the rows. There is also some unwanted noise, visible as periodic ripples in the spectra.
(B) The same spectra after correcting for baseline and denoising. Peaks stand out more
clearly against a flat “surface.” In both cases, peaks can extend across neighboring
fractions, as the separation process is imperfect.

order of 0.1% of the nominal m/z; higher-resolution instruments will attain
mass accuracies expressed in parts per million (ppm).

Before comparing peak intensities across spectra, we need to normalize the
spectra to make them comparable. One common method is to use the total
ion current, or summed intensities for the entire spectrum. This is done after
excluding the matrix noise region and subtracting baseline. This step is where
we feel there is the most room for improvement, as there may be local scaling
factors that are more appropriate than a single factor throughout. Even if a
single scaling is to be used, it may be better to identify a small number of key
peaks that appear to be relatively stable and to target the median log ratio for
the set of peaks.

Having identified some peaks as being of potential interest, it also makes
sense to look at other peaks that may be related (as assessed by correlation)
or that should be related. The idea of “should be related” is different for mass
spectrometry data than for microarray data in that there is a natural ordering to
the peaks in a spectrum. In Figure 1.12, we show zooms on two distinct regions
of averaged spectra from a higher-resolution (Qstar) instrument. The patterns
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Fig. 1.12. Two regions derived from the average of several high-resolution Qstar spectra.
(A) The m/z range from 7,600 to 8,400. (B) The m/z range from 3,800 to 4,200 [values
exactly half those in (A)]. The peak patterns in the two panels are perfectly aligned, as
we are seeing the same peptides. In (A), the peptides are singly charged (z = 1), and in
(B) they are doubly charged (z = 2). Other regularities [offsets of 189 in (A)] are due
to further identifiable phenomena (matrix adducts).

of peaks look the same, though the m/z range in the bottom panel is half that
of the top panel, and the intensities are dramatically reduced. In this case, the
parallel structure is due to the fact that the two panels are showing singly and
doubly charged versions of the same peptides; finding the appropriate harmonic
patterns on the m/z scale can tell us the charge state of the peptide (and thus its
mass) and provide some reassurance that we have identified it correctly. (With
higher-resolution data, the charge state can also be inferred from the spacing
between isotopic peaks, which should be 1 Da apart.) Looking at the top panel,
we can also see that there are groups of peaks offset from each other by 189
Da. This offset mass matches that of a single molecule of the matrix used
here: «-cyano-4-hydroxycinnamic acid. These peaks are referred to as matrix
adducts. Similarly, there are smaller peaks close to the biggest one, with the
largest ones 18 Da below the main peak and 22 Da above. These correspond
to loss of a water molecule or replacing an ionized hydrogen atom with one of
sodium, respectively. Viewing the ensemble, we can see that almost all of the
peaks visible here are differently modified forms of the same major peptide.
Graphically, we have found it useful to construct heat maps of the spectral
regions surrounding peaks identified as potentially useful markers in a few
different ways. First, in a very localized region (say 20 Da on either side)
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simply to check that the peak is reasonably clear. Second, in a larger window
going out to either side by 250 Da or so, which is wide enough to capture most
matrix adducts and common modifications such as phosphorlyation (a mass
offset of 80 Da). Third, by checking heatmaps at half and twice the nominal
m/z value to check the charge state.

Finally, a note of caution. The use of mass spectrometry data for biomarker
discovery is more recent than the use of microarrays, and there are a number of
external factors that can introduce unwanted biases. Some of these are discussed
in Baggerly et al. [8, 9] and Villanueva et al. [70]. These tools are incredibly
sensitive, which they need to be if they are to pick up new biomarkers. This very
sensitivity, however, means that they will also pick up changes in experimental
conditions quite well. In terms of keeping track of and reporting on your data,
we recommend Ransohoff [54] for a discussion of some of the issues, and
McShane et al. [43] for a more specific set of guidelines.

1.5 Finding Data

Simply discussing the features of various types of data is no substitute for
diving in and working with raw data. If possible, we recommend visiting labs
as the data is being collected or trying to collect some yourself. (Our colleagues
have been willing to work with us on test cases.) Even without that, raw data
of the types discussed are readily available on the Web.

Lots of microarray data has been on the web for a while, and much more
has been posted since the advent of the minimum information about a mi-
croarray experiment (MIAME) standards [15]. Several major journals now
require that the raw data be made available at the time of publication. For
Affymetrix data, the first place to go is simply the company’s web site,
www.affymetrix.com. Sample data sets for several different chip types are
available, as are all of the CDF files, probe sequences, and the latest annota-
tion for what the probes on the chips actually correspond to. Registration is
required, but free. For cDNA microarray data (and Affymetrix data), we also
recommend the Gene Expression Omnibus (GEO) maintained by the NCBI, at
http://www.ncbi.nlm.nih.gov/geo.

For SAGE data, we recommend SAGE Genie [14], maintained as part
of the Cancer Genome Anatomy Project (CGAP), at http://cgap.nci.
nih.gov/SAGE.

The data repositories for mass spectrometry data are not yet as extensive, but
several proteomics journals are getting set to require raw data in a fashion akin
to MIAME, so we hope this will change shortly. In the meantime, there are a few
sites that have data of various types. The best known is probably the Clinical
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Proteomics program jointly run by the NCI and FDA [48]. The databank is
currently located at http://home.ccr.cancer.gov/ncifdaproteomics/
and has various SELDI and Qstar data sets. Questions have been raised
about the quality of some of this data, and we strongly recommend read-
ing Baggerly et al. [8] for a more detailed discussion of some of the is-
sues involved. There is some SELDI data available from M.D. Anderson, at
http://bioinformatics.mdanderson.org, together with Matlab scripts
for processing and analysis.
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Abstract

A class of probability models for inference about alterations in gene expression
is reviewed. The class entails discrete mixing over patterns of equivalent and
differential expression among different mRNA populations, continuous mixing
over latent mean expression values conditional on each pattern, and variation
of data conditional on latent means. An R package EBarrays implements in-
ference calculations derived within this model class. The role of gene-specific
probabilities of differential expression in the formation of calibrated gene lists
is emphasized. In the context of the model class, differential expression is
shown to be not just a shift in expected expression levels, but also an assertion
about statistical independence of measurements from different mRNA popula-
tions. From this latter perspective, EBarrays is shown to be conservative in its
assessment of differential expression.

2.1 Introduction

Technological advances and resources created by genome sequencing projects
have enabled biomedical scientists to measure precisely and simultaneously
the abundance of thousands of molecular targets in living systems. The effect
has been dramatic, not only for biology, where now the cellular role for all
genes may be investigated, or for medicine, where new drug targets may be
found and new approaches discovered for characterizing and treating complex
diseases, the effect has also been dramatic for statistical science. Many statisti-
cal methods have been proposed to deal with problems caused by technical and
biological sources of variation, to address questions of coordinated expression
and differential expression, and to deal with the high dimension of expression
profiles compared to the number of profiles. Our interest is in the question of
differential expression. We do not attempt to review the considerable body of
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statistical research that addresses this question; we focus here on methods for
this problem that are related to a class of hierarchical mixture models.

A model is hierarchical if it describes observed variation using both latent
random variables and the conditional variation of data given realizations of
these latent quantities. In our work, the latent random variables include gene-
and condition-specific expected values, these being the target quantities that
one would measure in the absence of either biological or technical variation.
Hierarchical models naturally incorporate multiple sources of variation, and
they have an important role in the analysis of experiments with few microarrays
because they can channel relevant information from other genes into gene-
specific calculations, thus improving sensitivity.

The term mixture model can be used in a very broad sense to describe
distributions; however, in expression work it has the following narrow inter-
pretation: gene-specific hypotheses about differential expression are treated as
latent discrete random variables. In comparing two mRNA populations, for
example, it is as if a gene tosses a coin to decide whether or not it is differen-
tially expressed, and then produces data distributed according to the particular
outcome. Mixture models are convenient in structuring high-dimensional in-
ference; genes become apportioned to different components of the mixture
model. Often this modeling is done late in the data analysis stream: a mixture is
fit to one-dimensional gene-specific summary measures (e.g., p values) rather
than to the full data, and thus it may be unable to recover information lost by
forming these summaries. Another problem is that some mixture methods rely
on permutation to develop null distributions. This can be effective but it can
fail when there is limited replication, as is often the case.

The first empirical Bayesian analysis of expression data was published in
2001. Focusing on preprocessed, two-channel microarray data, our group noted
an inefficiency of the naive fold change estimator R/G, obtained from each
gene’s intensity measurements R and G in the two color channels on a spot-
ted cDNA microarray (Newton et al. 2001). Our model-based estimate of fold
change was (R + ¢)/(G + ¢) for a statistic ¢ which depends on sources of
variation affecting the intensity measurements and which is computed from
data on all genes. This modified fold-change estimator emerged as an in-
termediate between the posterior mode and posterior mean of the true fold
change in the context of a specific Gamma-Gamma (GG) hierarchical model.
We showed by simulation how this estimator has reduced mean squared er-
ror (log scale) and also how the gene ranking is improved. In addition, this
2001 JCB paper addressed the question of testing for differential expression
in the context of a parametric hierarchical mixture model, and gave formulas
for the posterior probability and odds of differential expression. The paper also
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noted a statistical curiosity of testing in this mixture model context, namely,
that the number of genes that may be confidently declared to be differen-
tially expressed may be much smaller than the estimated proportion of genes
that are truly differentially expressed. This concept is helpful in formalizing
power calculations. Further, in spite of improvements in statistical comput-
ing, we also recognized in this first paper the importance of computationally
efficient methods in the domain of high-throughput data; our models were
sufficiently simple that Markov chain Monte Carlo methods could be safely
avoided.

The 2001 JCB paper concerned both testing and estimation for high-
dimensional microarray data based on novel hierarchical and mixture-modeling
structures. However, the delivered methodology remained rather limited; it
handled single-slide spotted-array data comparing expression profiles in two
conditions. There was nothing intrinsic to the model development that forced
such restrictions, and so we pursued extensions that allowed replicate ex-
pression profiles in multiple mRNA populations (Kendziorski et al. 2003).
There, we extended the GG calculations to this setting and we also devel-
oped parallel calculations based on a log-normal-normal (LNN) hierarchical
specification. Emphasis was taken away from estimation of fold change and
was transferred to computing posterior probabilities for various patterns of
equality among gene- and condition-specific expected values. This has more
relevance for inference with multiple mRNA populations. Tools to implement
the multigroup inference calculations were offered in the Bioconductor package
EBarrays.

Data analysts tend to favor methods that are simply structured and that have
little reliance on modeling assumptions. A popular approach to differential ex-
pression, for example, is to apply ordinary statistical procedures (such as the
t-test) separately to each gene, and then to paste the inferences together in some
reasoned way (e.g., Dudoit et al. 2002). Although often effective, this approach
usually rests on implicit assumptions about variation and it can suffer inefficien-
cies when shared properties of genes are not well accommodated. EBarrays,
on the other hand, delivers inference summaries by attempting to capture the
relevant sources of variation of the entire high-dimensional expression profile.
It is explicit about the underlying assumptions:

(i) Parametric observation component (log-normal or Gamma)
(i1) Parametric mean component (conjugate to observation component)
(iii) Constant coefficient of variation
(iv) Only marginal information (rather than among-gene dependence) is
relevant
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Much experience with the package indicates good operating characteristics, es-
pecially when the number of replicate chips per condition is low. In examples
where the parametric fit is poor it is beneficial to have more flexible meth-
ods. Work since Kendziorski et al. (2003) has investigated these assumptions,
examined their significance, and generalized the methodology.

Adopting our proposed mixture structure, but not the hierarchical modeling
elements, Efron et al. (2001) described a nonparametric empirical Bayesian
analysis for assessing differential expression. The nonparametric nature of the
analysis is appealing, since it seems to alleviate parametric constraints and may
thus be favored in routine data analysis. However, the flexibility is somewhat
illusory; it enters mainly in estimation of a one-dimensional distribution of
gene-specific summary measures. The proposed method relies on permutation
to assess a common null distribution (so it can fail when the number of replicate
microarrays is low), and takes advantage of the large number of genes to develop
the nonparametric density estimate. Further, assumptions about the suitability
of the proposed gene-specific summary statistic are left implicit. Importantly,
the Efron et al. (2001) paper may have been the first to relate gene-specific
posterior probabilities of equivalent expression to rates of false detection in a
reported list of genes. Much subsequent research on the control of the false
discovery rate (FDR) seems to stem from this observation.

In the following sections we visit a few topics relevant to inference about
expression alterations that seem to be notable developments since our first work
in the area.

2.2 Dual Character of Posterior Probabilities

In the context of multiple simultaneous hypothesis testing, posterior probabili-
ties have a curious dual character that other testing summaries lack. The duality
is almost transparent once stated, but we think it is worth noting here because
it simplifies the interpretation of gene lists.

Each gene j from a large set of J genes may or may not be differentially
expressed between two mRINA populations. We say it is equivalently expressed,
EEj, if it is not differentially expressed; data are analyzed to assess this null
hypothesis. A Bayesian (or empirical Bayesian) analysis yields the posterior
probability e; = P(E E|data); a non-Bayesian analysis might yield a p value
or some other gene-specific summary statistic.

Genes exhibiting the strongest evidence for differential expression will be
those with the smallest ¢;, and one could naturally consider forming a list of
discoveries, D = {j : e; < t}, for some threshold 7. The duality is this: gene
J gets to be in D by virtue of the small magnitude of e;. At the same time, ¢;
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is the probability (conditional on the data) that this assignment is a mistake.
In other words, it is the probability of a type I error; that gene j should not
have been placed on the list of differentially expressed genes. The magnitude
ej conveys both a decision about j and the conditional probability of a faulty
decision. Other gene-specific summaries, like p values, do not have this dual
character.

The property is useful for multiple simultaneous inference because the ex-
pected number of false discoveries (conditional on the data) is simply

cFD(t)=)" e le; <t] 2.1)
~ — ———
I error rate discovery
and the conditional false discovery rate is cF DR(t) = cF D(t)/N(t), where
N(t) = Zj 1[e; < 7] is the size of the list. A list D formed from all genes for
which e; < 5%, for example, has cFDR less than 5%. A more refined usage
tunes 7 to set the conditional false discovery rate at some value like 5%, and
has been called the direct posterior probability approach to controlling this
rate (Newton et al. 2004).

In Efron et al. (2001), e; was called the local FDR because it measured
the conditional type I error rate for that specific gene. Storey (2002) criticized
the unmodified use of ¢;’s for inference because they lack error rate control
simultaneously for a list of discovered genes. Averages of e; values over a
short list of reported genes convey a more useful multiple-testing quantity.
Storey (2002) introduced the ¢ value as a gene-specific inference measure that
carries a multiple-testing interpretation. In our notation, the ¢ value for gene
J is g; = cFDR(e;). This is the expected proportion of type I errors among
those genes k with ¢; no larger than that of the input gene j. The procedure that
rejects all null hypotheses EE; for which g; < 5% targets a marginal FDR
of 5%. Literature on g values centers on the analysis not of raw data (or ¢;’s)
but of p values derived from separate gene-specific hypothesis tests. Since p
values do not have the dual character described above, their distribution needs
to be modeled as a mixture in order that ¢ values can be derived. In this way,
modeling is transferred from the full data down to gene-specific p values. An
advantage is that it is easier to be nonparametric with one-dimensional statistics;
a disadvantage is that information may have been lost in first producing the
gene-specific p values.

The dual character of posterior probabilities was pointed out in Newton et al.
(2004), though the issue is understood in other work (Genovese and Wasserman
2002; Storey 2003; Miiller et al. 2005). Notably, Miiller et al. (2005) tackle the
issue from a more formal Bayesian position, and study list-making inference
as a general decision problem.
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2.3 Differential Expression as Independence

Consider replicate profiles available from two mRNA populations, and al-
low that preprocessing has removed systematic sources of variation. Gene
J provides measurements x; = (x;1,X;2,...,X;,) in one condition and
yj = (¥)1,¥j2,---,Yjn) in the second condition. The concept of equivalent
expression, £ E;, and its counterpart differential expression, D E ;, are hypothe-
ses that require some definition in terms of their effect on the probability density
p(x;, y;). Most studies focus modeling on the null hypothesis £ E ;. One could
state this in terms of a common expectation u; = E(x;j;) = E(y;«) (for any
chips i, k) that the measurements are targeting, or one could state it in terms
of exchangeability of all the measurements. Then under the null hypothesis,
permutation of microarray labels would be valid, and this could be used to
generate a null distribution of a test statistic (e.g., Dudoit et al. 2002). Such an
approach can be effective when the number of microarrays is large, but notice
that the approach avoids defining differential expression as anything more than
the opposite of E E;. The approach adopted in EBarrays does not require per-
mutation and can be applied when there are very few replicate microarrays. In
it, DE is defined as independence of x; and y;. This independence is marginal
with respect to any gene level parameters and is conditional on genomic-level
hyperparameters that are not specific to gene j. That is, gene j is differentially
expressed if measurements from one condition are not useful predictors of
measurements in the second condition. By contrast, all measurements x; and
y; on a gene j that is equivalently expressed are correlated by virtue of having
a shared, latent, random mean.

For the sake of demonstration, consider a comparison in which x; and y;
are univariate (m = n = 1). The calculations embodied in the LNN model
of EBarrays consider that these (log) expression values are conditionally
independent normally distributed variables with means (w1, 1») and with a
common variance o 2. Further, the means (i, u») are random effects (sup-
pressing the gene dependence); their marginal distribution is conjugate, being
normal centered at a genomic mean ¢ and having variance rg. Thus x; and y;
have equal marginal distributions obtained after integrating the latent means:
Normal(ug, o2 + roz). The issue of EE; or DE; enters into the dependence
between x; and y;. We assert that on EE;, u; = u, with probability 1, and,
further, that on D E;, the component means are independent. Upon integrating
the latent means, we have (1) exchangeability of gene-level measurements on
the null EE}, and (2) independence between x; and y; on the alternative DE .
Mechanistically, we can imagine that on EE; a single mean value is realized
for the gene j, and then all the observations are generated as a random sample
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under that parameter setting. Alternatively, on DE;, each mRNA population
selects its mean value independently of the others, from the same distribution,
and measurements arise conditionally on these different means.

A model is fully specified when in addition we consider the discrete mixing
on EE; (probability pg) and DE; (probability p;). The marginal distribution
of gene-level data is

p(xj, i) =pof(xj, ;) + prfx;)f(y;) (2.2)

where, conveniently, f( ) returns a marginal density of its argument treated
as a conditional random sample given a common, latent, random mean. For
instance in the case considered,

f&xj,y) = plx;, y,|IEE)) = /P(xj|M)P(yj|M)7T(M) du,

where () is anormal univariate conjugate prior, p(x;, ¥;)is anormal density
with common margins, as above, and with correlation 1/(1 4+ o2/ 102) between
x; and y; owing to them having a common, latent mean. General formulas for
this LNN case, and for the GG case, are presented in Kendziorski et al. (2003).
Two-group comparisons in EBarrays are based on (2.2); the code allows other
combinations and user input of the function f( ).

Gene-level inference is based on posterior probabilities, such as

ej =P(EE;|xj,y;) = pof(x;,¥;)/ p(xj, y;).
Any decision about gene j is based on ¢;; in this normal no-replicate case, for
example, the odds favor differential expression if
1-— €; 2
— > 1 & (x;—y)) >C (2.3)
€j
where, more precisely,

_ 4o’a—po? 4o’ (az+fg)[ po 1 (+7) ]

C= log— + = lo
o2 +218 2 8o T2 %2 (02 +213)

In other words, we favor DE; if the measurements in the two conditions are
sufficiently far apart, the necessary distance depending on overall expression
a = (x; + y;)/2 and global parameters that delineate the different sources of
variation. Ultimately, the analysis is empirical Bayes because these global
parameters are estimated from the genomic data using an EM algorithm to
maximize a marginal likelihood.

We have presented two views about differential expression. The rather direct
view considers DE; as a difference in expected expression measurements
between the two mRNA populations, as revealed by a large difference in the
observed expression values for gene j (the difference x; — y; above, or the
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difference of averages in the case of replication). The alternative view holds that
differential expression corresponds to independence of measurements between
the two conditions; one sample is not a useful predictor of the other. This view,
which is not so widely appreciated, has the advantage of supporting a specific
alternative hypothesis to E E; with which we can develop posterior inference.
Conveniently, these two seemingly different views are two sides of the same
coin.

There is an intermediate ground on which DE; entails a shift in expected
expression without marginal independence between x; and y;. However, this
formulation is related to a nonidentifiability of the mixture model, and thus is
difficult to work with (see Newton et al. 2004). It is possible to establish that
inferences derived using the independence view of DE; (i.e., using EBarrays)
are conservative if some positive dependence happens to exist between x; and
y; on DE;. Wang and Newton (2005) show that when o%/7¢ is sufficiently
small, then the EBarrays even—odds threshold C [see (2.3)] is larger than the
threshold C’ one would have computed if one were supplied with the correct
correlation between x; and y;. In other words EBarrays is conservative: DE
is harder to declare using EBarrays than if you know the true distribution,
and so you make fewer claims of differential expression. It is a rather realistic
condition, furthermore, that o2 / 102 is small, since we expect variation within a
gene (certainly variation of an average in the case of replication) to be small
compared to the variation between genes.

2.4 The Multigroup Mixture Model

Pairwise comparisons are the bread and butter of statistics, but they may not
be suitable when analyzing data from more than two mRNA populations.
Extending (2.2) to three groups by the inclusion of data z;, we mix over
v = 4 possible discrete patterns of differential expression and one pattern of
equivalent expression:

p(xj,yj,2j) = pof(xj, ¥, 2;)) + p1fxp)f(y).z5) 2.4)
+paf(xj,z) )+ paf(x;, y)f(z))
+pafxp)f(y)f(z)).

For instance, ps is the proportion of genes for which x; and y; are equiva-
lently expressed while being differentially expressed from z;, and py is the
proportion of genes that are differentially expressed among all three condi-
tions. More generally, let d; = (d} 1, ..., d; n) denote the vector holding all
measurements on gene j taken across all conditions. We mix over equivalent
expression and v patterns of differential expression so that the joint distribution
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p(d;) ="} _o pr fe(d;), where py is the overall proportion of genes governed
by the kth pattern and f; is the distribution of data conditional on that pattern.
The patterns are hypotheses about possible clustering of the expected expres-
sion levels across the N measurements, and so, like the case above with v = 4,
each f; becomes a product of contributions from each component of the clus-
tering. The null pattern k = O corresponds to jt; = E(d, ;) being the same for
all samples s € S = {1, 2, ..., N}. Any pattern k partitions S into r(k) mu-
tually exclusive and exhaustive subsets {S;;: i = 1,2,...,r(k)} on each of
which the expected expression level is constant. To complete the specification,
we write

r(k) r(k)

fdp=JTr@;s)=1] / [T fow@isli) | mwydp, 2.5
i=1

i=1 SGSk,,'

where 7 (1) is a random effects distribution governing the latent, gene-specific
expression means and fy is the observation component of the hierarchical
model. Model fitting amounts to estimating the mixing proportions py, param-
eters of the observation component, and parameters of the mean component
().

As a brief illustration, we reconsider data on gene expression in mammary
epithelial tissue from a rat model of breast cancer. Each of 10 pools of mRNA
was probed with an Affymetrix U34 chip set having 26, 379 distinct probe sets;
the 10 pools represent rats of four different genetic strains (1 Copenhagan; 5
Wistar Furth; 2 Congenic I; 2 Congenic II) where each congenic strain was
genetically identical to the Wistar Furth parental strain except for a small
genomic region in which the genome is homozygous for Copenhagan alleles,
at least one of which confers resistance to the development of breast cancer
(Shepel et al. 1998; Kendziorski et al. 2003). Expression alterations among
these groups are relevant to understanding the Copenhagan strain’s resistance
to breast cancer.

Table 2.1 shows the v = 14 patterns of differential expression among the
4 mRNA populations (strains), and the overall equivalent expression pattern.
Previous analysis of these data (Kendziorski et al. 2003) was restricted to a
subset of four patterns, as code at that point was not sufficiently flexible to
handle arbitrary sets of patterns. Figure 2.1 shows the proportions of genes
satisfying each pattern based on fitting the LNN model in EBarrays.

Detectable differential expression is rather limited in this example, as an esti-
mated 92.7% of genes are equivalently expressed among the four rat strains. DE
pattern k = 4 represents one case of interest as it concerns genes that may be
altered by the process of congenic formation. Filtering by gene-specific poste-
rior probabilities of this pattern P(u; 1 = (2 # (j3 = ijsldata) =1 1 —e;,



Hierarchical Mixture Models for Expression Profiles 49
Table 2.1. Patterns of DE Among Four Rat Strains

k Mean pattern” k Mean pattern
0 M1 = o = U3 = [Ug 8 Wi = o = g 7 L3
1 Wy F o = 13 = g 9 K1 = Mo 7# U3 F Mg
2 M1 = [ha # U2 = [3 10 M1 = 3 # Uo7 e
3 W1 = U3 = fg F Mo 11 K1 = [ 7# Ho F U3
4 M1 = o F U3 = [y 12 Wi F o = [y 7 L3
5 My = Mo = U3 F g 13 M1 7 Mo 7 U3 = [y
6 M1 F U2 = 43 F U4 14 M1 7 Mo 7# U3 # M
7 K1 = M3 7# Mo = Mg

¢ (1) Copenhagan, (2) Wistar Furth, (3) Congenic I, (4) Congenic II. Here,
u; refers to the expected expression level for mRNA population i.

we can apply the direct posterior probability approach (2.1) to control FDR.
We find that five probe sets constitute a 5% c F D R short list of genes satisfying
this DE pattern. These probe sets have e; < 0.013. One of the interesting ones,
rc_AI105022_at, corresponds to Cullin-3, a gene involved in the ubiquitin cycle
and related to breast cancer tumor suppression (Fay et al. 2003). Investigating
the biological significance of altered genes such as this is part of ongoing re-
search; it is important to have tools like EBarrays which can efficiently sort
and calibrate genes by alterations of interest.

2.5 Improving Flexibility

Utility of results from the hierarchical mixture model analysis, as obtained
from EBarrays, is limited by the suitability of the four structural modeling
assumptions described in the introduction. Each of these has been the subject
of analysis, and we find that certain assumptions seem to be more important
than others. For example, the use of a parametric observation component is
often innocuous. Tools in EBarrays provide diagnostic gg-plots for this com-
ponent; both Gamma and log-normal distributions often fit well, though a search
for improved robust alternatives would be valuable. Calculations in Gottardo
et al. (in press) allow log-f errors, and thus are less susceptible to heavy-tailed
observations.

The diagnostic plots often indicate suitability of the observation component;
however, marginal diagnostics can suggest an overall poor fit from EBarrays.
This has to do with inflexibility of the distribution () of latent means.
The issue was studied in Newton et al. (2004), and there a nonparametric
mean component was proposed. A nonparametric version of the EM algorithm
enabled model fit. Comparisons indicated improvements in terms of error rates
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Fig. 2.1. Estimated mixing proportions for 15 patterns of mean expression among four
mRNA populations in a rat breast cancer study: Equality of angles in a column stands
for equality of the means. Above, height of lines indicates estimated proportion of genes
in each pattern.

on short lists compared to the parametric model, gene-specific #-testing, and
the method of Efron et al. (2001). That paper also showed how to formulate the
mixture model in terms of directional alternatives, which can further improve
flexibility, but it left unaddressed an extension beyond two-group comparisons
to multigroup comparisons.

It may be that improvements obtainable by nonparametric analysis of the
mean component are modest compared to improvements that would be possible
through a more effective modeling of gene-specific variances. Advances in this
direction by Lonnstedt and Speed (2002) and Smyth (2004) are significant,
though their empirical Bayesian formulation is rather different than the one
described here underlying EBarrays. In that work, expression shifts have to do
with nonzero contributions in a linear model for expected expression, rather than
separately realized mean values. The relative merits of the two forms of mean
modeling remain to be worked out (e.g., the role played by discrete mixing
proportions is present but less prominent in the linear-model formulation).
With regard to variances, Lonnstedt and Speed (2002) and Smyth (2004) put
a prior on gene-specific variances, and this provides some flexibility beyond



Hierarchical Mixture Models for Expression Profiles 51

the constant variance assumption in the LNN version of EBarrays. The idea
was also used by Baldi and Long (2001) and also by Ibrahim et al. (2002).
Kendziorski and Wang (2005) investigate flexible variance modeling in the
context of EBarrays.

Among-gene dependence is an ever-present concern, though it is difficult
to handle owing to the dimensions involved. Permutation-based methods are
helpful in guarding against ill-effects of dependence, but they are not always ef-
fective. Note that FDR controlling procedures are popular in part because they
are fairly robust to among-gene dependencies compared to other multiplicity-
adjustment methods. Dahl (2004), generalizing Medvedovic and Sivaganesan
(2002), investigates methodology that directly models dependence among
genes using a Dirichlet process mixture (DPM) formulation. In the Bayesian
effects model for microarrays (BEMMA), different genes share parameters in
much the same way that different mRNA populations share mean parameters
on a given gene in EBarrays. Thus, correlation among genes is explained in
terms of shared, latent parameter values. The grouping of genes into clusters
where sharing occurs is mediated by the discrete clustering distribution inher-
ent in the DPM model, and is assessed by posterior sampling via Markov chain
Monte Carlo. Dahl (2004) shows improvements in the assessment of differential
expression when one accommodates coordinated expression by this BEMMA
approach. We note that BEMMA uses DPMs in a different way than Do, Miiller,
and Tang (2005), which used them to improve nonparametric inference based
on one-dimensional reductions of the gene-level data. Using a novel mixture
formulation, Yuan and Kendziorski (in press) offer another approach for using
between-gene dependencies to improve differential expression analysis.

In summary, we see rapid development of methodology for altered gene
expression based on the flexible class of hierarchical mixture models reviewed
here. As new data analysis and data integration problems emerge in genomics,
there will be further demand for such modeling in order to organize variation
and to provide effective analysis of data.
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Abstract

We review Bayesian hierarchical models for inference in microarray data. The
chapter consists of two main parts that deal with use of Bayesian hierarchical
models at different levels of analysis encountered in the context of microarrays.
The first part reviews a Bayesian hierarchical model for the estimation of gene
expression levels from Affymetrix GeneChip data, and for inference on dif-
ferential expression. In the second part, an integrated model that incorporates
expression-dependent normalization within an ANOVA model of differential
expression is reviewed and compared to a model where normalization is prepro-
cessed. The chapter concludes by discussing how predictive Bayesian model
checking can be usefully included within the model inference.

3.1 Introduction

3.1.1 Background

Microarrays are one of the new technologies that have developed in line with
genome sequencing and developments in miniaturization and robotics. The
technology exploits the fact that single-stranded RNA (or DNA) molecules
have a high affinity to form double-stranded structures. Pairing is specific
and complementary strands have particularly high affinity for binding. On
microarrays gene-specific sequences are attached in tiny specified locations.
By hybridizing a cell sample of fragmented, fluorescently labeled RNA (or
DNA) to the array and measuring the fluorescence at the defined locations, one
can obtain measures of the amount of the different RNA or DNA transcripts
present in the sample hybridized.

53
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Arrays generally contain thousands of spots (or probes) at each of which a
particular gene or sequence is represented. In effect, a microarray experiment
thus represents data comparable to that obtained by performing tens of thou-
sands of experiments of a similar type in parallel. The experiments on a given
array will share certain characteristics related to the manufacturing process of
the particular array used, the extraction and handling of the biological sample
hybridized to the array, as well as the extraction and preparation for hybridiza-
tion of the RNA (or DNA). The interest is in comparing expression levels
between arrays with samples from different biological conditions of interest
(e.g., cancerous against noncancerous cells) and the challenge is identifying
differences that are related to the biology of the samples rather than to technical
experimental variation.

Many of the characteristic features of experiments involving microarrays
render them particularly well suited to the flexible modeling strategy of
Bayesian hierarchical modelling (BHM). The aim of this chapter is to highlight
this by discussing in detail the steps taken for modelling the variability in gene
expression data at several levels that can be roughly qualified as variability of
the signal, biological variability, and variability due to experimental contrasts.
Beforehand, a brief summary of the key points of the BHM strategy is
presented.

3.1.2 Bayesian Hierarchical Modeling

The framework of Bayesian hierarchical modelling (BHM) refers to a generic
model building strategy in which unobserved quantities (e.g., latent effect size
associated with experimental contrasts, statistical parameters, missing or mis-
measured data, random effects, etc.) are organized into a small number of
discrete levels with logically distinct and scientifically interpretable functions
and probabilistic relationships between them that capture inherent features of
the data. It has proved to be successful for analyzing many types of complex
data sets arising in biology, genetics, and medicine as illustrated, for example,
by the case studies detailed in Gilks et al. (1996) and Green et al. (2003). The
general applicability of Bayesian hierarchical models has been enhanced by
advances in computational algorithms, notably those belonging to the family
of stochastic algorithms based on Markov chain Monte Carlo (MCMC) tech-
niques. Nevertheless, the formidable dimension of many genomics data sets
requires their use to be pertinent and efficient. It is clear that full-scale im-
plementation of BHM for analyzing large microarray experiments will require
exploitation of parallel processing as well as judicious approximations.
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There are several related aspects that render BHM attractive for analyzing
microarray data; what is particularly interesting is the ability to potentially build
all these aspects in a common modelling scheme. Of course, before encom-
passing simultaneously several components into a global model, modularity is
first exploited to study each aspect in turn. Key benefits of the BHM strategy
are:

(1) Accounting for diverse sources of variability: Gene expression data aris-
ing from experimental protocols are naturally hierarchically structured along
descending layers: Substantive question —> Experimental design —> Sample
preparation —> Array design and manufacture —> Gene expression matrix
—> Probe level data — Image quantification.

Consequently, gene expression data are the end process of multiple sources of
variability, systematic and random, biologically interpretable, or obscuring. We
shall see in the next sections how the modelling translates these different sources
of variability into fixed effects (possibly dependent on unknown quantities),
random effects, and distributional assumptions.

(ii) Modelling noise additively, multiplicatively or in a nonlinear fashion: It
has been noted that, empirically, gene expression data often exhibit a complex
mean-—variance relationship. Thus, data transformation functions with nonstan-
dard forms that combine additive and multiplicative noise have been proposed
(Durbin et al. 2002; Huber et al. 2002). In a BHM strategy, instead of an
all-encompassing functional transformation, two latent variables can be intro-
duced, the first to represent the true level of the data after additive background
noise correction, the second to summarize signal information on the log scale.
Each of these latent variables are interpretable and the associated distributional
assumptions can be checked separately.

(iii) Borrowing information: Gene expression experiments are used by bi-
ologists to study fundamental processes of activation/suppression. Such pro-
tocols frequently involve genetically modified animals or specific cell lines
and such experiments are typically carried out only with a small number of
biological samples, as little as 3 or 4 in each experimental condition. It is
clear that this amount of replication renders hazardous the estimation of gene-
specific variability using empirical estimates and the use of standard tests for
comparing conditions. As with many situations of sparse data, inference is
strengthened by borrowing information from the comparable units through hi-
erarchical modelling, here through the modelling of the “population” of gene
variances. Thus, genes exhibiting by chance unusual small variability across
the samples will not lead to artificially inflated test values as their empirical
variance will be smoothed toward that of the group of genes. This regularization
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process is now widely used in the microarray context, often outside the
Bayesian paradigm (e.g., Smyth 2004), but is best seen as an integral part
of the BHM strategy, as will be illustrated below. Similarly, in Section 3.2
we shall see that by combining within a single model the information from
the probe level and the biological replicates, inference on differential expres-
sion may be strengthened in comparison to analyses that treat these two steps
separately.

(iv) Propagation of uncertainty: Gene expression data is usually processed
through a series of steps that aim to correct the artefactual variations potentially
introduced by the technical treatment of the samples. For example, array effects
are estimated and subtracted in order to make the arrays overall comparable. The
uncertainty associated with these adjustments is usually not taken into account
in the final analysis. The situation is akin to that occurring in measurement error
problems, when inference is carried out on corrected values without accounting
for the uncertainty of the correction. In this case, it is known that suboptimal
inference is achieved (Carroll et al. 1995). It is thus important to investigate
whether BHM that include the preprocessing steps within the global model
carry some benefit.

(v) Model checking: An additional benefit of BHM is that without much
extra computational burden, predictive inference can be made. This aspect can
be exploited to perform model checks, so long as care is taken to avoid the
overconservativeness arising from using the data twice (Marshall and Spiegel-
halter 2003; O’Hagan, 2003). Using the structure of the hierarchical models,
predictive checks can be made at several levels to assess, for example, distri-
butional choice made for latent parameters. This aspect will be illustrated in
Section 3.4.

3.2 Bayesian Hierarchical Modeling of Probe Level GeneChip Data

In this section, we review a fully Bayesian integrated approach to the analysis
of Affymetrix GeneChip data (Hein et al. 2005). In the approach, background
correction for nonspecific hybridization, signal extraction, gene expression
estimation, and assessment of differential expression are performed as one
integrated analysis. We demonstrate how the Bayesian approach allows the
parallel nature of the thousands of hybridizations with shared experimental
characteristics to be exploited, e.g., by borrowing information between signals
within probe sets, between genes within an array, or between the same genes
on replicate arrays within a condition. The integrated treatment of the different
steps in an analysis (e.g., gene expression level estimation and assessment
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of differential expression) allows propagation of the associated errors and is
likely to lead to more realistic measures of uncertainty of parameters and
other quantities of interest. We illustrate the difference between a stepwise
approach and the integrated approach, in relation to estimation of uncertainty
and differential expression, in analyses of a controlled data set.

3.2.1 Affymetrix GeneChip Arrays

Affymetrix is one of the leading manufacturers of microarrays. Their
GeneChips differ from some of the other available array types in a number
of important ways. They are oligonucleotide arrays and, in contrast to two-
color arrays, rely on hybridization of a single, fluorescently labeled sample of
mRNA, the intermediate product between the gene sequences and their prod-
ucts: the proteins. On a GeneChip array an oligonucleotide of length 25 is
represented at each location. As genes cannot in general be uniquely identi-
fied by a single sequence of length 25, each gene is represented by a probe
set, consisting of 11-20 probe pairs. Each probe pair contains a perfect match
(PM) probe and a mismatch (MM) probe. At each PM probe an oligonucleotide
that perfectly matches part of the sequence encoding the gene is represented.
As nonspecific hybridization is known to occur, an identical oligonucleotide
except for the middle nucleotide is represented at the accompanying MM
probe. The intention is that since PM and MM probes are almost identical,
equal amounts of nonspecific hybridization will occur at these probes, and ex-
cess hybridization to the PM probe, relative to the MM probe, will be due to
specific hybridization, that is, the hybridization of the intended gene-specific
sequences.

With the launch of the GeneChips, Affymetrix provided software that allowed
gene expression values for each of the genes represented on the GeneChip ar-
rays to be calculated from the scanned array images. Initially these measures
were derived as a robust mean value of the set of background corrected PM—
MM values obtained for the probes in the probe set representing each gene
(Lockhart et al. 1996). A considerable effort has since been devoted to the
further study of probe behavior and development of gene expression estimates
with improved performance by Affymetrix and the wider scientific commu-
nity (Li and Wong 2001; Hubbell, Liu and May 2002; Irizarry et al. 2003;
Hein et al. 2005). Focus has mainly been on model-based methods that re-
sult in outlier robust and variance stable point estimates. The derived point
estimates are subsequently used in the downstream gene expression analysis,
as reviewed in a number of chapters throughout this book, typically with no
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reference to the gene expression estimation process that resulted in the point
estimates.

3.2.2 Model Formulation
3.2.2.1 Single Array Setting

Bayesian gene expression (BGX) relies on the formulation of a Bayesian hier-
archical model for the estimation of gene expression indices from Affymetrix
GeneChip probe level data. In the BGX model the estimation of gene expres-
sion measures is dealt with in two (integrated) steps: a “signal extraction” level
and a “signal summarization” level. In controlled experiments both PM and
MM probes have been found to be subject to nonspecific hybridization, that is,
even in the absence of transcripts for the gene, some fluorescence is observed
at PM (and MM) probes representing the gene, due to the hybridization of short
fragments and fragments that do not perfectly match the probes. Furthermore,
contrary to the intention, the MM probes have been found to hybridize part
of the fragments perfectly matching the PM probes. At the “signal extraction”
level of the BGX model these features are modeled by assuming that the inten-
sity observed at a PM probe is the result of hybridization partly of fragments
that perfectly match the probe (specific hybridization: S,;) and partly by frag-
ments that do not perfectly match the probe (nonspecific hybridization: Hy;).
A similar pattern is assumed for the MM probe, with only a fraction ¢ of the
signal S,; binding. Both specific and nonspecific hybridization is assumed to
be gene- and probe-specific, hence the indexing by g (gene) and j (probe). To
account for the common situation of the MM being bigger than the PM we
assume an additive error on the normal scale, and hypothesize

PM,; ~ N(S, + Hyj, %)

3.1
MM, ~ N(@S,; + Hyj, ). G-D

We omit for simplicity in this and subsequent displays of distributions to state
that these are conditional on variables appearing on the right-hand side, and are
independent over all values of indexing suffixes.

At the “signal summarization” level we proceed on the log-scale, as is
generally recommended in the microarray setting. We obtain a (log-scale)
measure of gene expression for gene g from a simultaneous consideration of the
set of signals, {S,; | j =1,..., J;}, by assuming gene-specific distributions
for these. For the (log-scale) nonspecific hybridization parameters, H,;, we
assume an array-wide distribution intended to capture the common experiment’s
specific characteristics of the handling of the array and sample hybridized. To
allow for zero signal and nonspecific hybridization terms while operating on
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the log-scale we shift by 1 before logging, and consequently consider truncated
normal distributions TN (obtained from a normal distribution by conditioning
the variable to be nonnegative),

log(Sgj + 1) ~ TN (4. 07).

) (3.2)
log(Hyj 4+ 1) ~ TN (A, n?).

In Hein et al. (2005) the medians of the truncated normal distributions, 6,, were
used as measures of gene expression. From experience there is little difference
between 6, and j1,, and as 11, is computationally advantageous we use (i, here.
We refer to 11, as Bayesian gene expression or BGX index.

To stabilize the gene-specific variance parameters, we assume exchange-
ability

log(o;) ~ N(a,b%), (3.3)

with a and b? fixed at values obtained by an empirical procedure in the same
spirit as Empirical Bayes approaches (for details see Hein et al. 2005). A full
specification of the model is achieved by assuming a uniform prior, U (0, 15),
on jig, Which comfortably covers the range of possible log-intensities, a B(1, 1)
prior on ¢, a flat normal prior on A (N (0, 1000)), and flat gamma priors on the
precisions (r2) and (%)~ (I'(0.001, 0.001)).

3.2.2.2 Multiple Array Setting

Extending the model to a situation with multiple conditions and replicate arrays
under conditions is straightforward. Weletc = 1, ..., C refer to the conditions,
andr =1, ..., R, refer to the replicates under condition c. At the first level of
the model, we allow for different additive errors on the arrays, 72, ¢ = 1, ..., C,
r=1,..., R.. We assume gene-, probe-, condition-, and replicate-specific
signals and nonspecific hybridization terms, and generalize (3.1) to

PMgjer ~ N(ngfr + Hyjer fczr)

(3.4)
Mngcr ~ N(¢ngcr + ngcrv TLZ,»)

We base the estimation of the expression of gene g under condition ¢ on a joint
consideration of the full set of signals represented by the replicate probe sets
on the arrays for this gene: {Sgier | j=1,...,Jg, 7 =1,..., R.}. We retain
the assumption of distributions of nonspecific hybridization that are specific to
each array and arrive at

log(Sgjer +1) ~ TN (,ugc, agzc)

(3.5)
log(ngcr + 1) ~ TN ()‘-crv 7762,) .
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As in the single array model we assume that the cr:c, g =1,..., G, parameters
are exchangeable, with condition-specific distributions

log(a.) ~ N(ac, b7). (3.6)

The hyperparameters and specification of priors are as in the single array setting,
with priors specified independently for each g, ¢, and r (for details see Hein
et al. 2005).

3.2.2.3 MCMC Implementation

The models have been implemented in WinBUGS and C++. In the C++ imple-
mentations a flat prior was used for ¢ in place of the Beta prior for compu-
tational convenience; since ¢ did not vary outside the (0, 1) interval in any of
the MCMC runs reported here, our results continue to be valid for the Beta
prior.

The C++ implementation performs single-variable updating using Gibbs sam-
pler steps for parameters ¢ and 7.,. Simple random walk Metropolis updates
were used for the remainder of the parameters. These were tuned using pilot
runs so that acceptance rates fell in the range (0.2, 0.3).

The sampler used by WinBUGS also relies on single-site updating, but with
some more sophisticated individual updates, based on Neal’s overrelaxation
method. This gave improved performance by reducing the chain’s autocorrela-
tion on a sweep-by-sweep basis; however, sweeps were so much slower than
those of the C++ code that this advantage was easily outweighed.

3.2.3 Performance of the BGX Model
3.2.3.1 Single Array Setting

A single array from the Choe et al. (2005) data set (condition C, replicate 1) was
analyzed using the single array model. Probe intensity values for four example
genes along with summaries of the posterior distributions of parameters related
to the expression of the genes are given in Figure 3.1. Note that to allow the PM—
MM values to be depicted for all probe pairs, the raw probe response is given
on the normal scale (upper part of Figure 3.1). In the posterior distribution plots
log-scale PM—MM values are indicated for probe pairs for which they exist, for
the remaining probe pairs they are indicated as zero (the 1’s in the lower part
of Figure 3.1). The first gene, gene 1, illustrates the case of a gene with a probe
set of intensity values that are consistently high. This is reflected in the spiky
posterior distribution of ;. The second gene, gene 11, has a few outlying
probe pair values of which two have MM>PM. By borrowing information
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Fig. 3.1. Upper row: probe set response for four genes. Each probe set consists of
14 probe pairs. The solid lines show PM, the dotted lines plot MM, and the dashed lines
plot PM—MM. Lower row: summaries of posterior distributions of parameters related
to expression of the four genes. The 5-95% credibility intervals for the 14 log-scale
signals for each gene are shown as black horizontal lines (shifted vertically) and should
be read off the x-axis. The gray line is for the gene expression index ft,. The 1’s show
the observed log(PM-MM) values (plotted at zero for PM—MM <0) for each probe pair.

from the rest of the probes in the set, the posterior signals corresponding to
these are drawn upwards toward the remaining signals. In contrast, the last two
genes have much less homogeneous probe set responses, with more probe pairs
exhibiting MM >PM, and the rest having moderate to large PM—MM values.
This is well reflected in the posterior gene expression distributions that are
flatter for both genes and for gene 331 actually multimodal.

How information is borrowed within probe sets is summarized in Figure 3.2,
left. Here mean posterior log-scale signals are plotted against their approximate
empirical values: log((PM-MM)AO0) + 1). The stratified plots reveal that sig-
nals for probe pairs with large log((PM-MM) + 1) values but that belong to
probe sets with overall low expression (Figure 3.2, middle) are drawn down-
wards. At the opposite end of the spectrum, log-scale signals for probe pairs
with small or zero log((PM-MM) + 1) but that belong to probe sets with overall
high level of expression are drawn upwards (Figure 3.2, right). The borrowing
of information between probe sets is illustrated in Figure 3.3, left. The plot
shows shrinkage of posterior mean o, values relative to the empirical standard
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Fig. 3.3. Left: shrinkage of probe set signal standard deviation, right: posterior standard
deviation of gene expression index using one against three arrays.

deviations (calculated over the set of log((PM-MM)"0) + 1) values for each
probe set), resulting from the assumption of exchangeable variances (3.3).

3.2.3.2 Multiple Arrays Setting

We now consider a situation where we have a number of replicate arrays
available to study the expression under an experimental condition. We focus
on two aspects of the performance of the BGX multiple array model relative
to standard analysis using point estimates of gene expression for each array:
(1) borrowing information between replicate arrays and (2) how the signal
extraction and gene expression level estimation are integrated. We use the three
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Fig. 3.4. Summaries of posterior distributions of parameters related to expression for
four genes using three replicates. The numbers 1, 2, and 3 indicate the log(PM-MM)
values for the probe pairs on array 1, 2, and 3, respectively.

replicate condition C arrays of the Choe data set (Choe et al. 2005) to illustrate
the multiple array model performance.

Figure 3.4 shows summaries of posterior distributions related to the ex-
pression of the same genes as previously shown for the single array model in
Figure 3.1 that are obtained for a multiple array model run on the three replicate
condition 1 arrays in the Choe data (¢ = 1, R; = 3). Comparing the posterior
distributions of the gene expression indices obtained in the single and triple
array analyses (Figures 3.1 and 3.4), it is seen that for three of the genes (genes
1, 11, and 31) the posterior distribution is considerably tightened by the addi-
tional information available in the triple array setting, relative to that of a single
array. This is particularly striking for gene 31, where the additional information
results in the shape of the posterior becoming clearly unimodal. In contrast, the
inconsistent probe set behavior of gene 331 is reiterated on the replicate arrays
with half of the probe pairs indicating no expression (MM>PM) and the other
half indicating moderate to high expression. The posterior distribution of the
gene expression index for this gene remains dispersed, with the multimodality
found in the analysis of the single array persisting in the triple array analysis. A
summary of the effect of borrowing information over replicate arrays is given in
Figure 3.3, right, for the full set of genes. In general, the posterior distributions
of the gene expression indices are tighter for the triple array analysis than for
the analysis of a single array.

A further illustration of the difference in the BGX multiple array approach
and the point estimate approach is illustrated in Figure 3.5 (right). The plot
shows that the standard deviations calculated over the three point estimates of
gene expression (one for each replicate) are generally smaller than the stan-
dard deviations of gene expression indices obtained in a triple array analysis.
This reflects that the posterior standard deviations from the integrated analysis
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Fig. 3.5. Mean and standard deviation of three BGX point estimates plotted against
posterior mean and standard deviation of gene expression index using multiple array
model with three replicates.

incorporate uncertainty in the estimate of the expression level (stemming from
the within probe set variability) as well as between replicated probe sets,
whereas in the point estimate case the standard deviations reflect only the un-
certainty between the three gene expression point estimates. Importantly, the
difference is not just of scale — there is little correlation between the standard de-
viation of point estimates of gene expression levels and the standard deviation of
posterior distributions of gene expression levels from the integrated analysis. In
contrast, as expected, there is a high correlation in the means (Figure 3.5, left).

3.2.4 Differential Expression with the BGX Model

In the following we illustrate the difference between a two-step and an inte-
grated approach in the context of differential expression analysis. We use the
full Choe data set consisting of two conditions, C and S, each with three repli-
cate arrays. The data set has the special virtue that it was generated by spiking
in 3,870 gene fragments at known concentrations, with concentrations varying
between conditions for a subset of 1,331 genes. Thus it is known which of the
14,010 genes represented on the arrays should be expressed and, importantly,
which genes should be differentially expressed under the two conditions.

In a step-by-step approach one first obtains a point estimate of expression
for each gene on each array, using a specific approach to process the probe
level data, and then tests for differential expression between two groups of gene
expression indices using a t-type statistic. In the microarray setting a particularly
popular choice is SAM (Significance Analysis of Microarrays; Tusher et al.
2001), which uses a t-statistic with the denominator boosted by adding a “fudge
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factor.” This factor is chosen so that the coefficient of variation between the
nominator and denominator is minimized. SAM produces a ranking of the
genes according to these modified ¢ values, and uses a permutation approach to
assess significance.

Differential expression in the BGX multiple array setting may be assessed
directly, for example, by examining the posterior distributions of the differences
in log-expression levels under two conditions, (g 1 — (g 2. In the following we
obtain for each gene the ratio of the mean to standard deviation of the posterior
sample of pg1 — pg2, g =1,..., G, and rank the genes according to these
values.

Figure 3.6. plots sensitivity (fraction of those genes that are classified as
differentially expressed among all truly differentially expressed genes) against
false discovery rate (fraction of truly non-differentially expressed genes among
all those that are classified as differentially expressed) for the multiple array
BGX model analysis and the BGX point estimate with SAM analysis. To
produce the curves, we consider the ranked gene list for each method, and
count for each possible cutoff in rank the number of true and false positives and
negatives in the list above the cutoff. We also show results for an intermediate
procedure between these two, which uses the model defined in Section 3.3
of exchangeable variances within each condition (e.g., Lewin et al. 2005),
starting from the BGX point estimates of gene expression. This third approach
is thus a two-step procedure (like the SAM approach) but allows borrowing
of information between genes (like the BGX multiple array approach) through
hierarchical modelling of the population of variances. As with the multiple
array BGX model, the ratio of posterior mean to standard deviation of the
difference in gene expression is used to rank the genes.
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Fig. 3.7. Upper row: MA plot showing differences in expression levels against mean
expression levels, using means of three point estimates to represent each condition
(left) and using mean posterior value under each condition (right). Point for genes are
color-coded according to fold change (FC). The darker the gray, the higher the fold
change, light gray is FC = 1. Lower row: Same as upper row, with genes that are called
differentially expressed by each method with a cutoff of 5% (700 genes) shown in
black.

The ROC curves show that the BGX multiple array model performs markedly
better than the other methods. Some improvement is achieved by assuming ex-
changeable variances on the point estimates (middle curve) relative to the
one-common-fudge factor approach employed by SAM. The MA plots of
Figure 3.7 illustrate the differences in performance: the SAM approach wrongly
declares many genes with low average expression differentially expressed (the
pattern for the intermediate approach is similar although weaker, not shown).
This is likely to be due to unstable estimation caused by the limited num-
ber of available replicates, which, as shown by the illustration of the mean
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variance relationship of BGX point estimates in Figure 3.6 (right), is particu-
larly pronounced at lower levels of expression, a feature that is not taken into
account in the SAM approach. Hence the SAM approach is not suitable for
analyzing BGX point estimates or any expression index with a strong mean
variance relationship. The BGX multiple array model approach also exhibits a
strong mean variance relationship on the posterior samples of gene expression
values (Figure 3.6, middle), but this is implicitly accounted for in the global
model that integrates the gene expression level estimation and the assessment
of differential expression.

3.3 Bayesian Hierarchical Model for Normalization
and Differential Expression

In the previous section, we have discussed the benefits of integrating within
a single model the low-level signal extraction and the assessment of between
condition contrasts. In this section, we again consider the way in which an
integrated approach differs from the more usual step-by-step procedures, but
this time our focus is on proposing model specifications that can also account
for flexible normalization procedure. To be precise, we now consider a model
for differential gene expression which incorporates expression-level-dependent
array effects to normalize arrays.

3.3.1 The Model

We start with an ANOVA model for the log gene expression y,., for gene g,
experimental condition ¢ = 1, 2, and replicate r, as suggested by Kerr et al.
(2000). Relating to the BGX model of the previous section, y,, corresponds to
posterior mean of (4, , from single array analyses. The model includes additive
effects for gene and array:

1
Yeir ~ N (ag - 58[: + Betrs 051)

1
Yg2r ~ N <ag + E(Sg + ,Bngv G;z) 5 (37)
where «, is the gene effect or overall expression level, B, is the array effect
(this normalizes the arrays) that depends on g through o, (see below), and ngc
is the gene-specific variance for condition c. The differential effect between
conditions is §g.
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The array effect is a function of the expression level, B,., = f. (). For
flexibility, we choose f,, to be a quadratic spline:

0 1 2 2
Beer = bty + byt — ao) + biry(aty — ap)

K
2 2
+ 3B oty — o) Tt = acl, (3.8)
k=1
where the polynomial coefficients bi’r’,)( and knots a.,; are unknown parameters

that are estimated as part of the model. The number of knots K is fixed (but
sensitivity to different choices of K can be investigated as part of model
checking).

The equations (3.7) and (3.8) define the first level of the hierarchical model.
At the second level, information is shared between genes to stabilize the vari-
ances. The variances are modeled as exchangeable within each condition, that
is, the variances are assumed to come from a common distribution, chosen here
to be log Normal:

agc ~ logNorm (jc, nf) . (3.9)

The third level of the model specifies prior distributions for all the unknown
parameters, which are intended to be noninformative. The gene effects o,
and knots a.,; are uniformly distributed on (ag, ax+1) where ag and ag 4
are fixed lower and upper limits (chosen to be wide enough not to affect the
results). Polynomial coefficients bif])( have independent N (0, 10?) priors and the
hyperparameters 1. and 7% have N(0, 10°) and Gamma(10~2, 10~2) priors
respectively. In this work, the differential effects §, are given independent
N(0, 10%) priors.

The model is made identifiable by normalizing within each condition by
setting Bg.. = 0 V g, ¢, where the dot indicates that we are taking an average
over the index r. This fully identifies the model. Normalizing using all genes
within condition seems reasonable, as we do not expect systematic differences
between genes on replicate arrays.

3.3.2 Comparison of Integrated and Nonintegrated Analyses

When covariates in a regression are not measured accurately but have some
unknown variability, it is well known that ignoring this variability leads to
a bias in estimates of regression coefficients (Carroll et al. 1995). Therefore,
we would expect to obtain biased estimates of the array effects if they are
estimated in a preprocessing step, which in turn will lead to worse estimates of
the differential effects §,. To illustrate this, we compare the results from the full
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Fig. 3.8. Left panel: Array effects B,. (lines) used for three of the simulated arrays.
The points on the plot are the simulated data points with the overall gene expression
level subtracted for each gene. Right panel: Observed false discovery rate (FDR) versus
probability cutoff p., for the simulated data set described in Section 3.3.2. The solid
line is for the full, integrated model and the dashed line is for the prenormalized model.
Curves are averages over five simulations.

model with those found by pre-normalizing the data using array effects from
local regression smoothing (loess).

As in Lewin et al. (2005), we simulate a microarray data set with 1000
genes and three repeat arrays under two conditions. The gene effects o, range
uniformly between 0 and 10, and the array effects are cubic functions of the
gene effects. The gene variances are simulated from the model we fit (equation
(3.9)), with u; = —1.8, up, = —2.2, nf = 1l forc = 1, 2, giving a similar range
of variances to those we have observed in real data. The differential effects §,
are zero for 900 genes, N (log(3), 0. 12) for 50 genes, and N(—log(3), 0. 12) for
the other 50, with the differentially expressed genes uniformly spread over the
range of a,. The left-hand panel of Figure 3.8 shows the array effects and data
points for one set of three simulated arrays.

To calculate loess estimates of array effects, we use the R function “loess”
with ygc, — Vg, as a function of y, . The array effects B é‘é‘;ss are the values of
the loess curve for sample ¢ and array r predicted at y,. .

In order to assess the effect on the differential effects 8, of using a prepro-
cessing step, we fit a model where we prenormalize the data by subtracting
point estimates of the array effects, yécr = Ygor — B ¢cr» and run our model
without array effects.

To assess the results, we need a decision rule to classify genes as differentially
expressed or not. For the purposes of this chapter, we focus on the differential
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effects §, and use posterior probabilities to pick genes: if P(|§5| > 8cy| data ) >
Peut then gene g is selected. The choice of § ¢ corresponds to a statement of
biological interest. The choice of p, is determined by the evaluation of the
false discovery rate and/or false nondiscovery rate (Benjamini and Hochberg
1995; Storey 2002).

Based on decision rules as above, we can calculate the number of false
positives and negatives. The right panel of Figure 3.8 shows the observed false
discovery rate (FDR: the number of false positives divided by the number
of genes declared positive) for both the full and prenormalized models, as a
function of the cutoff probability p.,, for a choice of §., = log(3). Graphs
shown are curves averaged over five simulations. The FDR is consistently
lower for the integrated model than for the prenormalized model.

The difference shown here between the full and prenormalized models is
fairly small, as the simulation is inspired by the data we use in this work,
which has small array effects. In general, the larger the magnitude of array
effects, the larger the difference between the prenormalized and integrated
models.

Note that the differences found here are not due to difference between the
loess and spline array effects. We have carried out the two-step analysis using
array effects from the full model Bgcr = E(Bgcr| data), and the results are closer
to those of the two-step model using loess array effects than those of the full
model.

3.4 Predictive Model Checking

The Bayesian setting allows us to criticize various aspects of the model from
a predictive point of view. The idea is similar to cross-validation, in which
observations are taken out of the model a unit at a time. Each time, the model
is run to obtain a predictive distribution for the statistic of interest associated
with the observational unit that has been removed, and this is compared to the
observed statistic for that unit.

There are several choices to be made in order to carry out this procedure.
The test statistic 7 must be chosen, along with a method of comparing its
predicted distribution to the observed value. It is possible for T to be a function
of both data and parameters; however, here we will only consider a function
of data. In this case the natural method of comparison is the “p value”, that
is, the probability under the null of 7 being more extreme than the observed
value.

In hierarchical models there is also a choice of how to calculate the predictive
distribution, that is, which parameters of the model to condition on. Several
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choices are considered in Gelman et al. (1996) and Bayarri and Berger (2000).
For our work we use the mixed predictive distribution proposed in Gelman
et al. (1996) and Marshall and Spiegelhalter (2003), discussed below.

Under the null hypothesis of the model being “true,” the distribution of cross-
validation p values is uniform. This property provides a straightforward way to
see if any observations do not agree with the rest. If the distribution of p values
contains a small excess of small values, these observations can be declared
outliers. If the distribution is far from uniform, the model can be said to be a
bad fit to the data.

For large data sets cross-validation is computationally unfeasible, so full
data predictive p values have been proposed as approximations to their cross-
validatory equivalent. Here the predictive distributions are calculated for each
unit simultaneously, without removing any data from the analysis. Since in this
case the data from a particular unit influences its prediction, these p values are
conservative (Bayarri and Berger 2000). Such sharing of information shrinks
the p values toward 0.5.

In order to lessen the effect of using the data twice, another kind of pre-
dictive checking for hierarchical models has been proposed, known as mixed
predictive checking (Gelman et al. 1996; Marshall and Spiegelhalter 2003).
Here new model parameters are predicted for each unit, before new statistics
are predicted. To illustrate this, consider a model for exchangeable variances,
as we use in previous sections. Simplifying, we can write

Yer ~ N (xgv"gz)
0; ~ logNorm(u, n°)
(u, n*) ~ N(0, 10°)Gamma(10~3, 107%) (3.10)

Suppose we are interested in the gene variances. We choose the test statistic

T, to be the sample variance S; for gene g. In posterior predictive checks

these are simply calculated from the posterior predictive distribution: yé’ired) ~

N(xg, aé?). For mixed predictive checks new intermediate parameters are pre-
dicted within the model, agz (mixpred) logNorm(y, nz), and the predicted “data”
is conditioned on these predicted parameters: yér,mpred) ~ N(xg, agz (miXpred)). To
highlight the conditioning used, Figure 3.9 shows the directed acyclic graph
for the above model, along with the extra parameters needed to calculate mixed
predictive p values.

Mixed predictive checks have been shown to be much less conservative than
posterior predictive checks (Marshall and Spiegelhalter 2003). This is because
in the latter the information in the posterior predictive distribution for any given
gene comes mainly from the data from that gene (from the posterior on 0; in
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BN

Fig. 3.9. Directed acyclic graph for the model in equation (3.10), with additional param-
eters used in the calculation of mixed predictive p-values. Rectangles represent data;
circles represent stochastic parameters. Double arrows indicate that one quantity is a
deterministic function of another.

our example), whereas in the former the information about a given gene only
contributes through the estimation of the hyperparameters (s, %), which have
been informed by all the genes.

As an example, we calculate mixed predictive p values for the model in
Section 3.3. We have done this for two data sets. The first consists of MAS 5.0
expression values for three Affymetrix arrays of wild-type mouse data, dis-
cussed in Lewin et al. (2005). The p values for this data set are shown in
Figure 3.10. They are almost uniform, suggesting that the exchangeable vari-
ance model is appropriate for this data set. The second data set is the C group
of the Choe data set (Choe et al. 2005) described in Section 3.2.2. For this data
set the p values are not uniform, suggesting that the exchangeable model on
the variances could be improved.

Software

Software for the hierarchical models described is available at http://www.
bgx.org.uk/. The code for the BGX model is written in C++, with an R in-
terface. The model in Section 3.3 is implemented in WinBUGS.
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Abstract

We present a Bayesian process-based model for spotted microarray data incor-
porating available information about the experiment from target gene prepa-
ration to image analysis. We demonstrate that, using limited calibration data,
our method can estimate absolute gene concentrations from spotted microarray
intensity data. Number of transcripts (copies of the gene sequence) per micro-
gram total RNA are obtained for each gene, enabling comparisons of transcript
levels within and between samples. All parameters are estimated in one Markov
chain Monte Carlo run thereby propagating uncertainties throughout the model.
We reparameterize the core of the model, binomial selection, and show iden-
tifiability of the parameters. Using a small data set, we illustrate potentials
of our method discriminating it from conventional, ratio-based methods. This
chapter gives a thorough description of the statistical methodologies that form
the foundation of the biology-focused companion paper [11].

4.1 Introduction

Analysis of microarray data is challenging due to the huge number of measure-
ments made in each experiment and the large uncertainty associated with it.
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When spotted cDNA microarrays are used, gene expression levels are generally
measured as a log-ratio of the fluorescence intensity of two cDNA samples to
reduce systematic effects in the data, though biological information that lies
in the absolute concentrations may be lost [7, 21]. Samples are derived from
mRNA by reverse transcription and dye labeling and cohybridized to an array
of DNA probes on a microscope slide. The intensities are measured by imaging
the array in an optical scanner. There are several sources of variation associated
with each step in the experimental procedure that influence the measured inten-
sities, and hence the expression. Experimental variation is present, and includes
measurement error and unstable experimental settings, such as the RNA purity
and amount, the cDNA length and extent of dye incorporation, the quality and
quantity of probe material, and the optical characteristics of the dyes. The large
and unknown uncertainty in the data has important implications on the strategy
used to identify differentially expressed genes and to group genes or samples
with similar characteristics.

The process-based Bayesian approach we present here is based on a com-
pletely novel strategy. We follow the various steps of the microarray experiment
and build a hierarchical model, incorporating technical and scientific knowledge
in terms of explanatory covariates and known qualitative effects. The effects
of all factors and all gene expressions are estimated in one single Bayesian
procedure. Moreover, our method is able to estimate absolute concentrations of
mRNA for each gene rather than ratios. The need for developing tools to obtain
these absolute concentrations instead of or next to ratios has been expressed by
the genomics community [6, 17]. Not only are these interesting quantities per
se, but also can they be directly compared between experiments and between
genes (as opposed to ratios), and are very useful for meta-analysis.

Commonly used methods to identify differentially expressed genes rely on
a normalization of the data, which has the aim to filter out the biological
content in the data from the experimental variability, by adjusting for dye-bias,
for scanner properties, and for variation not due to mRNA differences [22].
Normalization methods are based on strong prior assumptions about relations
in the data, which are then transformed in order to recreate such expected
behaviors [22]. Typically, several noncommutative adjustments are performed
sequentially, with no propagation of uncertainty. Such normalized data are then
plugged into expression analyzers as if they were the original data, mostly
ignoring the distributional consequences of the specific assumptions they were
based upon and the transformations undergone. This can lead to diminished
ability to detect genes that are differentially expressed [24]. Furthermore, all
these methods are based on log-ratios and do not utilize the information that
lies in the intensities per se.
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Improving methods for extracting the significant information from microar-
ray data is crucial to realize the full potential of the technology. Model-based
approaches, such as two-step ANOVA [18], incorporate knowledge of inherent
characteristics of variations. Our method is a further step in this direction. Our
model follows the experimental setting more closely, including the imaging
technology, and takes advantage of available experimental covariates (for ex-
ample, specific probe-related measurements) to explain experimental variation.

In this study we present and discuss in depth the mathematical model and re-
lated Markov chain Monte Carlo (MCMC)-based Bayesian inference. Bayesian
statistics is widely recognized as a fundamental tool for discovery in genetics
[3] and the present study is a further demonstration of its use. Other Bayesian
approaches to microarray data can be found in [2, 5, 20].

Estimates of absolute concentrations for spotted cDNA microarrays have
been obtained before (see, e.g., [10] and [16]). However, in these approaches,
each gene needs individual calibration, leading to very unusual and expensive
chip requirements. Our process-based model enables estimation of absolute
concentrations of mRNA targets using only chipwise calibration. We validated
this claim extensively in a large study elsewhere [11].

The basic idea of our model is to follow the mRNA molecules from tran-
scription to hybridization and imaging. Hence, we have adopted a Bayesian
process-based approach. Such an approach is somewhat similar to the inte-
grated hierarchical model approach in [14] for Affymetrix data, because these
approaches share the philosophy of propagating uncertainties. Our model, how-
ever, follows the process more closely. We interpret the microarray experiment
as a selection procedure, where the mRNA molecules initially present in a tis-
sue solution are stepwise selected, until eventually the intensities are measured.
Starting from the unknown number of mRNAs for each gene, each step of a
typical microarray protocol is represented as a selection, where each molecule
has a certain probability of being kept in the experiment. This probability is
different for each step, gene, and sample, and is modulated by probe-related
covariates and experimental settings. For example, on some microarrays more
than one probe sequence is used to hybridize with the same target, but it is
unlikely that all these sequences are equally efficient. Also, the amount of
probe is varying and likely to be important. We show that by using quality- and
quantity-related probe information, we are able to explain much of the spot-to-
spot variation of measured intensities in our data. We treat the imaging after
hybridization and washing as an integral part of the model. This means that we
propagate uncertainty due to the imaging in the rest of the model, taking special
care of the crucial relationship between the value of the photomultiplier tube
(PMT value: an adjustable setting of the scanner) and the measured intensities.
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Given the measured intensities of the finally remaining molecules per spot,
we estimate backwards all parameters related to the various covariates and the
concentration ratios (or absolute concentrations) per gene. These estimates can
be considered as normalized data, since most variation due to the technology
rather than to biological differences has been subtracted. Since all concentration
ratios (or absolute concentrations) are jointly estimated and since we use each
data channel separately, our method easily deals with complex multisample
experiments as well as single channel arrays.

Our method, which we named TransCount, is illustrated here with data from
a simple experiment with four arrays only. The data are from a standard tis-
sue (reference) and three tumor biopsies. We concentrate on questions that are
difficult to solve with conventional methods, since these problems require ex-
plicit knowledge of the joint expression distribution and knowledge of absolute
concentrations.

4.2 The Hierarchical Model

The model we construct is able to estimate actual target concentrations, which
is the number of target molecules per microgram total RNA. When selecting
genes, one may choose to use such estimated concentrations, the estimated ra-
tios, or both. The model contains three levels: first, a selection process modeling
the proportion of target molecules that have survived the several steps of the
microarray experiment; second, the translation of the number of imaged target
molecules into pixel-wise intensities; and third, the final measurement process.
We go through the several steps of the experiment and discuss which covariates
correlate with molecule survival. Furthermore, we introduce scaling factors
that scale the number of molecules that have hybridized to a total number of
molecules in the solution. The resulting hierarchical model then propagates
uncertainties properly. We describe here the experimental protocol in use at the
Norwegian Cancer Hospital, which is standard, but other protocols could be
modeled similarly.

The several selections of molecules in the microarray experiment are mod-
eled as Bernoulli trials. That is, we assume that in each step the target molecules
act independently with a success probability modulated by covariates, target,
experiment, and probe dependence. We use p’® to denote the multiplicative
effect on spot s, array a, and sample ¢ of the experimental steps described
below. The following discussion introduces the relevant covariates that we will
later use to model p’®.

Preparation of the mRNA solution. The known quantity of material for sample
t(=1,2,...,T)onarray a is denoted g"*, for example the weight of mRNA
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after amplification. For each gene i = 1,2, ..., G in the study, let K ,’ denote
the unknown number of transcripts per weight unit in sample ¢.

Reverse transcription and dye labeling. Dye-labeled cDNAs are achieved
by incorporation of Cy3-dUTP and Cy5-dUTP during or after cDNA synthe-
sis of the mRNAs. The amount of dye and nucleotides are assumed to be in
excess, so that all mRNA molecules can in principle be reverse-transcribed
and labeled. First assume that purity is high and homogeneous, and that the
expected number of actually bound Cy3- or Cy5-dUTPs is the same for all
transcripts of all genes, since the number of binding sites, though different, is
always large enough to allow for such a geometric approximation. The expected
number of actually bound CyX-dUTPs often depends on dye, that is, there is
a chemical dye effect. This effect will be important in the imaging step de-
scribed below. We assume the g - K} molecules in the solution to be reverse-
transcribed and labeled independently of each other. The probability to do so
may depend on gene-, array-, and sample-specific properties, such as the sample
purity.

Purification. The two solutions are mixed. Excessive CyX-dUTP molecules
are washed away. During this process some of the cDNA target molecules
will also be lost. We expect that the success probability depends on the target
molecule length of gene i. Target length possibly influences purification since
longer molecules are less likely to be mistakenly washed off. Currently, target
length has not been included directly in the model because it is not available.
Differences in the success probability specifically caused by target length will
instead be absorbed in a gene-specific parameter.

Microarray production. The variability of probe material and microarray
production modulates the probability of successful hybridization. For a certain
spot the microarray, the pen, and the probe used influence this probability.
Consequently, both microarray and pen are included as covariates in the model,
in addition to probe quantity- and quality-dependent covariates. Because each
of the pens is used on a specific sub-grid of the microarray, the pen effect
may confound with spatial effects. Quantity of the probe material also varies.
A test slide of the printing batch is stained with SYBR green, a fluorophore
with specific affinity for the DNA probes. The fluorescence intensity is used
as a measure of probe quantity of each spot and is included as a covariate in
the model. Quality of the probe material may also vary. We distinguish two
probe-related covariates. First, the probe identification number (PID), which is
unique for a specific sequence of cDNA. Second, the replication identification
number (RID), distinguishing between replications with the same PID. We do
not distinguish here between spot center and periphery, assuming for simplicity
that each part of a spot is equally covered by probe.
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Hybridization. We assume that the spatial distribution of each target molecule
is uniform over the slide and target molecules do not cluster nor repulse,
except for interaction with the corresponding probe. Let n{ be the total number
of pixels in spot s on array a. After successful cDNA synthesis, labeling,
and purification, a proportion ¢ - n{ of the target molecules present in the
purified solution may reach spot s for hybridization. Here c is a hybridization
scaling factor, determination of which we discuss later. The success probability
depends on probe molecule properties and technical experimental conditions as
well as on target molecule properties, including probe quantity, probe length,
PID, RID, pen, and microarray. Target molecule length possibly describes the
diffusion coefficient of target molecules and could have been included here also.
Hybridization is assumed to be dye-independent [23] and the hybridization
probability is assumed to be constant in time. The model does not include
cross-hybridization.

Washing. We assume that all nonhybridized material, including nontar-
get CyX-dUTPs, is removed during microarray washing. Some hybridized
molecules might however also drop out. The success probability may depend
on probe length reflecting the binding strength and on microarray effects. We
denote the number of molecules from sample ¢ which have survived all the
aforementioned selection processes and are ready for imaging on spot s on
array a by J-¢.

Imaging. The microarray is gridded and segmented into spots. The PMT
scanning voltage, possibly varying between both channels and arrays, and the
scanner-dependent amplification factor [19] are included in the model. Assume
that the background captures local luminescence features. Let S¢ be the set of
n¢ pixels in the spot and B¢ the set of background pixels for the same spot.
Assume for simplicity that segmentation is perfect, that is, S¢ covers exactly
the spot on the slide. Let L . be the intensity measured for sample ¢ in array a
in pixel j of spot s. Assume that the hybridized molecules J!* are on average
homogeneously spread over the pixels j in S¢, so that the expected intensity
is the same for each pixel in a spot; hence we do not model any variability
between the center of the spot and its periphery. We then model the measured
intensity as
wy ta

ta
qus— l’l? +€j,5

@.1)

if pixel j is in S¢ and n¢ is the number of pixels in spot s on array a. Here u
is the expected intensity from hybridized material in a pixel of spot s, and €’ ] o
representing an additive measurement error in the imaging process, is a zero-

mean normal variable with variance (z/*%)?. We currently plug in estimated spot
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variances. Standard calculations for normal densities show that the sample mean
and sample variance of pixel-wise values are sufficient statistics to estimate
both p/* and /.

It is sometimes advisable to assume that the background intensity adds to
the intensity from the hybridized material to form the total spot intensity. In
this case, L7 = pub?/n{ 4+ £0%/nd 4 € if pixel j is in S¢, while L% =
EL/nd + v;‘; if j is in B¢. Here £/ is the expected background intensity in a
pixel belonging to the background of spot s, while e;f and v;.’_‘; are error terms.
In this paper we do not use background correction. Intermediate solutions are
also possible.

The expected scanned intensity on spot s, array a, is modeled as
iy = 2SI 1l ), (4.2)

where dye(t, @) and PMT"“ are the dye and PMT voltage used during scan-
ning of sample ¢ on array a, fcy3 and fc,s are the known scanner amplification
factors, and ccy3 and acys are unknown chemical and optical dye effects. Scan-
ning has to be performed so that all spot and background intensities are within
the log,-linear range of the scanner [19]. In that case (4.2) holds. Extension to
sample-dependent dye effects (i.e., &g, ) is possible.

4.2.1 Collapsed Model and Link Function

Each step (labeling-transcription, purification, hybridization, washing, and
imaging) is modeled conditionally on the preceding one and depends on co-
variates, the effects of which are estimated together with the unknown mRNA
concentrations K. We shall perform Bayesian inference on all parameters of
interest based on the joint posterior density. Since for binomials it holds that if
X ~ Bin(Y, p) and Y ~ Bin(Z, g) then X ~ Bin(Z, pg), the nested selection
process from K} to J* can simply be modeled as one binomial process. We
get

Jh ~ Binomial(c n® . g K;(S’a), pi’“), (4.3)

where c is a scaling constant related to the hybridization process and g(s, a) is
the index of the gene on spot s on array a. Knowledge of the scaling constant
c is needed for the interpretation of K é(m

A calibration experiment with known quantities (spikes) is the best way
to estimate c. Note that this can be a relatively modest experiment, since ¢
does not depend on genes (see [11] for discussion of this off-line experiment).
Alternatively, we can assume ¢ = A’/A, where A is the area of the array and

A’ is the attraction area of a spot. It is difficult to define A" exactly, but in case

) as an absolute concentration.
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of manual hybridization (where there is limited movement of the hybridization
solution) a rough estimate of A’ is simply the spot area. We will use this in our
illustration example in Section 4.6.

We regress the overall success probability parameter p“ on the several
covariates. We use the following covariates in the selection process: purity (P"),
microarray, probe length (pl¢), SYBR green (SGY), probe identification number,
replication identification number, and pen, which correspond to parameters
¥, Bia, B2, B3, Bai» Bs,j, and B ,, respectively. Moreover, we introduce yp as a
common baseline parameter and y;,i = 1, ..., G as a gene-specific parameter,
which represents gene-specific properties that may alter success probability
p.?. Let PID(s, a), RID(s, a), and p(s, a) denote probe identification number,
replication identification number, and pen, respectively, applied to spot s and
array a. We use the following regression:

Py =L" (Yo + Yes.oy + YP' + Bra + B2 PI¢ + B3 SGY
~+ B4, piD(s,a) + B5,RID(s,a) T 186,p(x,a)) 4.4)
= L_l (VO + Ye(s,a) + Y Pt +/§X§l)’

where L is a link function that maps the sum to a number between 0 and 1. The
matrix X{ contains all covariates that can differ within repeated measurements
on the same gene. We used the censored log link L~'(x) = min(1, exp(x)). An
alternative is the logit link L~'(x) = logit~'(x) = 1/(1 + exp(—x)), which did
not give very different results.

4.3 Reparameterization and Identifiability
The hierarchical model consists of four levels:
LY = g /nd + €5
e i
J{¢ ~ Binomial(c - n{ - ¢" - Ky 0, P°)
py* =min[1, exp(¥o + Vews.a) + ¥P +BXY)].
We use the normal approximation to the binomial:

Jf’a ~ N(C;’a : thg(s.a) : pé,a’ C;,a ! th;(s,a) : p;,a (1 - pé,a))’ 4.5

where C-* = ¢ - n? - g"*. For obtaining easier convergence of the MCMC, we
reparameterize (4.5) in such a way that only parameters directly identifiable
based on the expectation occur in the expectation, while all the others appear
only in the variances. To perform this reparameterization, it is easier to use the



Bayesian Process-Based Modeling 83

link function exp(x) instead of min(1, exp(x)). Note that identifiability under
the relaxed link function implies identifiability under the min(1, exp(x)) link
function, because for the latter the parameter space is smaller due to the con-
straint. Then, let

_ /
Udye(r,a) = Xgye(r,a)®>

where o/CV5 =1, and a/cy3 and o are the new parameters to be estimated,
replacing acy3 and acys. In addition J’s and K ’s replacing the J’s and K ’s are
defined as

Jot = JMa
Rl = KlaentrtrP (4.6)

Then, we observe that
Jha ~ N(C;“’ . I?é(s’a) - exp (BX;‘) che. ké(s,a) exp (BX;‘)

X (1 — €Xp (VO + Vats,a) + VPt + 5X?)) ’ O5)' 4.7)

Since E[n¢L5{] = Ci* - K a(s.0/%aye EXP(BX(), all parameters except yy, the
¥;’s, v, and « are estimable based on the mean pixel-wise values with the
described reparameterization, provided that the regression of this mean on
the covariates X¢ is identifiable, which can easily be checked by studying the
design-matrix of the study. This identifiability based on the mean values only
is equivalent to identifiability under a Poisson selection model. The parameters
Y0, ¥i’S, ¥, and « are estimable based on the variances and none of them occur
in the expressions for the means. When there are pieces of data without repeats
(e.g., samples hybridized only once and genes spotted only once), such single
data points must be excluded when variance-related parameters are estimated,
otherwise these estimates are shrunken. For estimating all parameters we use
a two-step procedure. First, all parameters are estimated using all data except
such special single data points. Then, the remaining unestimated concentrations
are estimated using only single data points and the posterior distributions of all
parameters as priors. In practice, both steps are done within a single MCMC
run.

We further constrained the categorical parameters for identifiability. In order
to assure identifiability of the pen parameters, we use the constraint ) »Bop =
0. A similar constraint is used for the array parameter 8, and the gene-
related parameters y;. Moreover, the mean effect of all probes per gene sums
to zero () j Ba.j = 0) where summation runs over all probes in the probe set
of each gene. Similarly, > ; Bs,j = 0, for all probes, where summation runs
over all replicates for the particular probe. In addition, microarray (8 4), pen
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(Bs,p)> gene-dependent selection efficiency (y;), probe identification number
(B4,j), and replication identification number (fBs ;) are modeled as random
effects, that is, we have B , ~ Normal(0, (c4)?), Be,p» ~ Normal(0, (op)?) and
i ~ Normal(0, (o5)?). Since the number of probe products per gene is usually
small, we do not use separate variance parameters for each gene, but instead
we have B4 ; ~ Normal(0, (opip)?) for all probe sequences. Similarly, we have
Bs.; ~ Normal(0, (orip)?) for all replications. Otherwise, all hyperparameters
are equipped with flat improper noninformative priors.

We have discussed reparameterization and identifiability under the log-link.
However, use of a logit or censored log-link is important since it conserves the
complicated nonproportional effects of factors.

4.4 MCMC-Based Inference

Markov chain Monte Carlo is needed to sample from the posterior model. We
implement a single-update random-walk Metropolis-Hastings sampler. For all
the parameters we use a simple uniform proposal: let v be the current value of
the parameter p for which a new value will be proposed, and let ¢, o and ¢, |
be two constants. If the parameter is not restricted to be positive, and its prior is
Normal(0, og), we draw from the uniform density U[v — ¢;, 16, v + ¢}, 10,],
otherwise we draw from U[v — (¢,,1|v] + ¢p0), v+ (cp,1|v] + ¢po)]. If the
parameter is restricted to be positive, we draw the logarithm of the parameter
from

Ullog(v) — (cp,1[log(v)] + ¢,,0), log(v) 4 (cp,1log(w)] + ¢p.0)]-

The two constants ¢, o and ¢, ; for each parameter p were tuned such that
acceptance rates between 0.2 and 0.6 were observed. Initial values for the
parameter o, and the B’s are found from the data using linear regression.
Initial values for the variances of the random effects, for the J’s and the K'’s,
are then computed from these estimates. In all these computations we substitute
all random variables with their expectations. The parameters yy, ¥, and the y;’s
are initialized such that for each gene i, the geometric mean of the success
probabilities p!-* becomes 0.5. This is necessary to keep the model away from
its Poisson approximation, which would not allow estimation of parameters
only present in the variance. Finally, « is set equal to the geometric mean of

(Jh9 —c- KL ph) (e KL phe - (1= phe)).

Convergence and mixing of the MCMC chain were assessed by comparing the
results of three to six different runs and observing similar results. Details on
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the MCMC, such as the number of iterations, are reported on the TransCount
Web site.

4.5 Validation

Validation of our model is described in detail in [11] on the basis of a spike
experiment, where spikes are gene-like molecules of which the concentrations
are known exactly. The validation experiment consists of 12 dye-swaps (24
arrays in total), where all dye-swaps contained the same reference material, but
12 different cervix tumor samples. The experiment was split in two parts on two
different days; next, the hybridization scaling constant ¢ (4.3) was determined
for the first part and the model was fitted from data of the second part, using the
estimate of the hybridization constant c¢. Indeed, we found a good agreement
between the estimates and the true values. Moreover, an independent qRT-PCR
validation was performed for eight genes covering the whole concentration
range. It was shown that the absolute concentration estimates correlate very
well with the qRT-PCR results, even better so than the ratios do.

4.6 Illustration

We illustrate the use of the full Bayesian approach to estimate posterior uncer-
tainty of complex quantities. Our cDNA microarray slides were produced at
the cDNA Microarray Facility at The Norwegian Radium Hospital. The probes
were cDNA clones, representing named human genes or expressed sequence
tags (ESTs). The example we describe here includes four microarrays. Spots
at the same location on each of the four microarrays contain identical probe
material and they are printed under the same conditions. Hence, these spots
have equal values for the spot-related covariates in our model. Some probes
were printed in duplicate with different pens, enabling estimation of a pen ef-
fect on the intensities. Moreover, some probes with different cDNA sequence
represented the same genes, enabling the estimation of a probe length and
probelD effect on the intensities. Finally, some probes with the same cDNA
sequence, but with a slightly different amplification treatment, were duplicated
at different positions on the microarray. These correspond to different values of
RID(s, a). A test slide of each printing series was stained with SYBR green to
assess probe quantity. A small percentage of the spots corresponded to very low
SYBR green intensities. SYBR green served as a covariate to predict success
of hybridization.

Sample preparation, hybridization, and imaging. Total RNA was isolated
from tumor tissues. Labeled cDNA was produced from 50 to 60 pg total RNA.
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Table 4.1. Design of Tumor Heterogeneity Study

Microarray ~ Sample, dye Cy3  Sample, dye Cy5

1 Ref A

2 A B1
3 B1 B2
4 B2 Ref

The labeled samples were suspended in hybridization buffer and applied to the
array slides. Three biopsies (A, B1, B2) and a reference (Ref) were considered.
The study design is displayed in Table 4.1.

We have a loop design and a dye-swap for each sample. In this example we
focus on 100 genes corresponding to 158 spots of each microarray. Of these
100 genes 27 genes are in duplicate with different probe sequences (PID), 31
genes are in duplicate with different replications of probe material (RID), and
42 genes are singles. The 100 genes were printed with five different pens. The
probe lengths of these 100 genes were available. The four arrays were produced
in batch and a SYBR green measurement was carried out for one of them. Since
purity of the three samples was high and very similar among the three, it is not
included in the model. This design is unbalanced. Our method can be equally
used for larger data sets of thousands of genes and many samples, as shown
in [11]. To provide concentrations, the estimated numbers of transcripts were
related to the known weight of the total RNA. In this illustration experiment
we did not calibrate estimates to represent actual absolute concentrations (see
[11] for a discussion on this). Results presented here are hence correct up to a
common constant factor.

In the imaging process a laser power of 100% was used. The PMT voltage was
adjusted for the red and green channel individually to ensure that the intensity
of the weakest spots and background segments was within the linear range of
the scanner. Saturated spot intensities were corrected using the algorithm in
[19]. The GenePix 3.0 image analysis software was used for spot segmentation
and intensity calculation. Bad spots and regions with high unspecific binding of
dye were manually flagged and excluded from the analysis. No normalization
of the data was performed.

Results. Table 4.2 displays the concentration estimates for genes with rank 1,
10, 50, 90, and 100 when ranked according to the median posterior mode com-
puted over the biopsies. We summarize the results of the parameter estimates
in Table 4.3. For the random effect parameters, we only show the variance
hyperparameters here. Complete tables containing all parameter estimates and
their 95% credibility intervals may be found on the TransCount Web site.
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Table 4.2. Transcript Concentration Estimates (x10°)

Reference Biopsy B1 Biopsy B2 Biopsy A
Gene mode and mode and mode and mode and
number credibility credibility credibility credibility
and rank interval interval interval interval

16,1  0.06 (0.03,0.14) 0.04 (0.02,0.13) 0.05 (0.02,0.13) 0.05 (0.02,0.13)
36,5  0.06 (0.03,0.16) 0.07 (0.03,0.19) 0.02 (0.04,0.22) 0.09 (0.043,0.21)
95,50  0.42 (0.25,0.92) 0.27 (0.13,0.52) 0.24 (0.16,0.59) 0.35 (0.19, 0.66)
42,90 225 (1.30,5.40) 131 (0.62,2.75) 1.60 (0.81,3.25) 1.89 (1.05,4.55)
49,100 0.53 (0.27,1.51) 9.24 (3.80,20.5) 8.57 (4.23,20.9) 6.46 (2.64,14.8)

Table 4.3. Parameter

Estimates

95% credibility 95% credibility
Parameter Mode interval Parameter  Mode interval
Yo —2.343 (2.614, —2.074)  opp 0.599  (0.53,0.702)
o 1.589 (1.195, 2.102) ORID 0.556  (0.485,0.61)
a’cy3 0.365 (0.355, 0.383) op 0.041  (0.011, 0.346)
B -0.17 (—0.335, 0.036) o4 0.34 (0.2, 1.031)
B3 0.254 (0.106, 0.431) oG 0.034  (0.011, 0.365)
o 0.294 (0.269, 0.321)

From Table 4.2 it is obvious that the information from absolute concentra-
tions may be quite different from that of the ratios computed with respect to
the reference. Besides the absolute concentrations, the estimated experimental
parameters may also be of use, for example to understand critical parameters
in the hybridization process and to improve protocols. Here, we observe that
the probe length effect 8, was negative meaning that probes with short length
have a higher probability to retain molecules for imaging, after hybridization
and washing. The positive sign and magnitude of f; imply that the SYBR
green measurement is quite useful to incorporate and indeed large SYBR green
values indicate a positive effect on hybridization.

We verified whether the results for the estimates per sample confirmed our
prior expectation: expression profiles from biopsies B1 and B2 are expected to
be more similar to each other than to expression profiles from biopsy A, since
B1 and B2 were closer to each other in the tumor. The scale of the concentration
estimates was very similar for all three biopsies. However, the correlation of
estimated concentrations for B1 and B2 was as high as p(B1,B2) =0.993, while
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Fig. 4.1. Probabilities of genes to be among the 10 genes with the highest (solid) and
lowest (dashed) mRNA concentrations.

the others were lower: p(A, B1) = 0.912 and p(A, B2) = 0.928. Moreover,
all correlations with the estimates for the reference were much lower, for
example, p(B1, Ref) = 0.258. Hence, the results were consistent with our prior
expectations.

Potentials. We illustrate the potentials of our approach by considering specific
issues. These problems are particularly hard to solve with standard methods,
since their solution either requires knowledge of the joint distribution of gene
expression values or the ability to estimate absolute concentrations (possibly
up to a constant factor). They are solved using this approach. The gene numbers
correspond to those in the complete tables on the Web site.

(1) We evaluated the probability that any single gene in turn had a mean
concentration among the highest (or lowest) 10. We then ranked all genes
according to this probability (Figure 4.1). There are six genes with probability
larger than 0.90 to have mRNA concentration among the 10 highest, and two
genes to have concentrations among the 10 lowest ones. The value of the success
probability (here chosen as 0.90) should be as high as possible, but still such
that enough genes are selected for the purpose of the study. Low concentrations
are associated with more uncertainty than high ones, resulting in less candidate
genes with low concentration. This ranking is independent of any reference
sample.

Alternatively, we can summarize the same inference by plotting against n
the probability of a gene being among the # highest (Figure 4.2). This involves
a 100-dimensional integration of the posterior joint distribution performed
with MCMC. The plots clearly indicate if a gene is among those with high
(gene 46), intermediate (genes 13 and 33), or low (gene 91) concentration. The
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Fig. 4.2. Probability of four genes to be among the n genes with the highest (solid) or
lowest (dashed) mRNA concentration.
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Fig. 4.3. Comparison of the absolute transcript levels in a reference and a human cervical
tumor sample, estimated from two different experiments.

steepness of the curve describes the level of concentration of a gene compared to
others.

(2) We investigated the potential for analysis of nontransitive designs and
check reproducibility of our results by splitting the data into two sets of two
arrays each: (Ref-B1, B1-B2) and (B2-A, A-Ref). We analyzed these sepa-
rately, pretending samples were not shared. Figure 4.3 demonstrates the high
reproducibility in our results. Estimated mRNA concentrations (number of
mRNA molecules per microgram of total RNA; posterior modes) are plot-
ted for each gene and sample. The two independently estimated concentra-
tions Ref; and Ref, for the reference and B2; and B2, for sample B2 were
similar and highly correlated. A small difference was observed for both sam-
ples, 0.188 in log;,-scale for Ref and 0.231 for B2. This difference orig-
inated from the uncertainty in the estimation of yp, a difficult task with
just two arrays. This similarity supports our claim that estimated numbers
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Fig. 4.4. Estimate-based MA plot.

of transcripts of different samples can be compared and combined, also
when originating from separate experimental schemes, with a nontransitive
design.

(3) We graphically combined fold with absolute concentration estimates
(Figure 4.4). Gene selection methods based on either folds or absolute concen-
trations alone are simplistic: a ratio of 2 “means” something different when it
is, say, 20,000/10,000 (both signals high) than when it is 20/10 (both signals
low). The same holds for absolute concentrations: two absolute concentrations
of 20,000 in tumor tissue have a different interpretation when their reference
concentrations are, say, 5,000 and 15,000. We believe it is important to vi-
sualize both ratios and absolute concentrations simultaneously. In analogy to
data-based log,-intensity and log,-ratio, define the estimate-based mean log,-
intensity and mean log,-ratio as

4 : k
’ K K ; Klt
i = [210&(1@’ <R/ 2} / P @"gz (K_ﬂ / :

where K il refers to the estimated reference concentration, based on the mode
of the MCMC trace, for gene i. Figure 4.4 displays M/ versus A for all 100
genes. This plot is an analogue to the well-known MA plot (which shows
average log,-intensity versus log,-ratio for each array). We observe that gene
49 expresses roughly 12 times more than gene 90 in absolute sense. Therefore,
one might, for example, conclude that gene 49 is more important than gene 90,
although both correspond to an approximate mean log, ratio equal to 3.5. Of
course, for final gene selection one would need to take the uncertainties of the
estimates into account as well.
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4.7 TransCount Web Site and Computing Times

A C++ implementation of our model applied to the data in this chapter is
available on www.nr.no/pages/samba/area_emr_smbi_transcount2.
The Web site also contains further information on how to run TransCount.
The software and a demo data set is also available as a plug-in in BASE and
may be downloaded together with a demo data set from the aforementioned
Web site. We illustrated our approach on a small data set in terms of the number
of spots and parameters. For this illustration data set, convergence was reached
after a few hours. We are currently working on several solutions for speeding
up the algorithm such as making the program suitable for parallel computing.

4.8 A Statistical Discussion of the Model

In this section, we concentrate on some statistical issues that may be of more
general use than the context of this model. Our model is a complex variant
of a simple Binomial(K, p) model with both K and p unknown. General
methods to identify K and p together have been discussed in [9]. Moreover,
the simple Binomial(K, p) model is studied in [4] in which K is the parameter
of interest and p a nuisance parameter, using an integrated likelihood approach.
In our case, yo, ¥;’s, ¥, and « are nuisance parameters and MCMC effectively
integrates these out, to find the posterior distribution of K. Still, acknowledging
that estimation of both binomial parameters is problematic, one may wonder
why it works in our setting.

First of all, the scaling parameter ¢ is important. It is crucial to use this
typically small value in (4.3) to discriminate the binomial from the Poisson
distribution. If ¢ would not be introduced, it would be absorbed by p, which
would become very small and the two distributions would become indistin-
guishable. In the validation study, ¢ was determined by use of spikes, which are
gene-like molecules of known concentration that undergo the same experiment
as the genes.

Secondly, some of the covariates in the regression of p [in (4.4)] are shared
by many genes, which allows for better estimation of their effect and hence
also of p.

Thirdly, we assumed a N(0, (06)%) prior for the gene-wise hybridization
efficiency parameter y; (4.4), using one common variance parameter. Note that
y; is difficult to estimate. However, use of this prior shrinks the y; estimates to
the mean. The parameter y; describes the efficiency of hybridization for gene
i independently of any other factor, including probe quantity. We can safely
assume that hybridization efficiency is not very low for the majority of genes,
so that we will obtain reasonably precise estimates of K| for most genes; for
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those few genes that do correspond to low efficiencies, K| is estimable due to
this prior, but the estimates are (and should be) unprecise.

Finally, while the reference design is currently seen with scepticism, it is in
fact very useful in the context of our full mechanistic parameterization. The
large amount of data on the reference material in the validation study (at least
24 intensities per gene) is very useful for this model. The reason for this is that
the reference material and the tumor tissues share most regression parameters,
including the “difficult” y;, in equation (4.4). Since the reference intensities
share the same K il for all genes, these parameters will adapt to the mean and
variance of these 24 data points. This makes it easier to estimate K for ¢t > 2.

We note that estimating parameters appearing only in the variance of a model
requires the exclusion of nonrepeated single data pieces, which otherwise would
reduce posterior uncertainty. It is easy to cope with such a situation in a two-step
scheme, where the posterior of the first step becomes the prior in the second
one.

The reparameterization as introduced in Section 4.3 may be of general use
as a way to speed up convergence in a model where mean-related parameters
are also present in the variance. It effectively separates the contribution to
the variance of those parameters contributing also to the mean from those not
contributing to the mean. It improves orthogonality of the joint posterior of the
mean and variance parameters of J'“ in (4.7) with respect to those of J!¢ in
(4.5). In an MCMC setting, where parameters would be updated sequentially,
this helps: suppose one temporarily fixes the means of the normals, then, when
using parameterization (4.7) instead of (4.5), many parameters may be varied
independently to fit the variance of the normal to the “data”.

Our process-based model should be considered in the context of model val-
idation. Each of the levels is motivated by interpretation of physical processes,
which is a large advantage over conventional hierarchical Bayes modeling,
where the levels are only vaguely connected with the system. Several levels of
our model are validated by independent studies. First of all, the relationship
between the observed intensity and the scanner settings (4.2) was extensively
checked in [19]. The normality assumption for the within-spot variability de-
scribed in (4.1) is easily checked and tested for and seemed reasonable in our
data. The core of the process-based model, the binomial selection (4.3), is
mainly based on the assumption that for the majority of genes the hybridiza-
tion experiment is reasonably efficient (meaning p >> 0). We indeed found
that this was true for most genes. However, it may be useful to test it more
extensively using spike data (known K), preferably under constant conditions
to obtain true replicates. Note that binomial selection was used before for
modeling gene expression data in [1]. We did not find large differences in the
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estimates for K between the use of censored log-link or logit-link (4.4), but a
broader class of link functions could be tried and tested for, like in [8]. When
a reasonable amount of replicates of K/ is available (at least for some genes),
cross-validation techniques may be useful to validate results of the model as a
whole. For example, one could test whether the credibility intervals for K l’ are
of correct size. Model validation techniques are extensively discussed in [13].

4.9 Discussion

We developed a process-based Bayesian model for a typical cDNA microarray
experiment, which allows to estimate with sufficient precision absolute and
relative mRNA concentrations. This allows a more precise assessment of dif-
ferential gene expressions than usual normalization. Furthermore, as described
in [11], the method does not require transitivity in the experimental design,
and hence opens for the possible merging of data obtained without common
reference. In addition, there is no need to impute missing values, since our
method naturally copes with unbalanced designs. The hierarchical setting is
very flexible and allows to introduce in the future deeper knowledge about the
technology and biology. The process-based model allows to include a plausible
mechanistic description of the experimental phenomena, making the global
model more realistic and reliable. We make explicit use of available covariates
and treat the unequal number of replicates per gene. This in turn allows to
attribute backwards dependencies observed in the data to various experimental
factors (experienced by molecules), while the rest is interpretable as biological
dependency between the levels of transcripts for each gene. The model we have
constructed is also useful as a cDNA microarray data simulator.

Extensions. The model can be improved by inclusion of more covariates.
When available, hybridization settings like temperature, humidity, and ozone
concentration could be included. Also, spatial related covariates (grids of the
array) may improve the fit of the model. It is possible to include competition
between target molecules in our model in terms of density dependence, for
example by adding the term B7K ,, to py“ in (4.4). Then, we expect f7 to
be negative: the larger K é(m), the more competition and hence the smaller the
probability to hybridize. However, inclusion of such a term seriously increases
computing times of the MCMC. For the same reason, we did not implement
a more advanced hybridization model, such as the Langmuir model in [15],
describing the kinetics of the mRNA molecules in greater detail. Nevertheless,
it is very interesting to find the value of §; (or the parameters in the Langmuir
model) to infer what the impact of competition is, possibly using an experiment
with few genes only to keep computing times manageable. The imaging and
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segmentation part of the model could also be extended, like in [12], possibly
again with some efficiency loss. If non-(log)-linear dye-effects occur, for exam-
ple in the low expression regions, this is probably due to the scanner. Therefore,
such effects should be included in the calibration formula (4.2) if one wishes
to include those genes.

Currently, we do not explicitly use the pixel-wise values, which are available
for each spot. In fact, we only model the spot mean as a function of the absolute
concentrations. The (spread of) pixel-wise values may give additional infor-
mation on the binomial selection process. Note that under normality, modeling
the spot mean and variance simultaneously would be sufficient.

It is also possible to make more explicit use of the spike information. Cur-
rently, we use it only to determine the scaling constant ¢ in an off-line experi-
ment. However, for example, a more informative prior on y; may be based on
the estimated y;’s for the spike experiment.

Addition of clinical levels. After obtaining the absolute concentrations, K i’ s
for all samples including the reference, an obvious task is to relate these to
clinical data (testing, survival, group membership, effect of treatment over
time, etc.). In principle, all types of analyses for ratio data may be applied to
absolute concentrations. Which type of data is more useful may depend on the
clinical issue at hand.

For example, clustering of genes may be more natural on absolute concen-
trations, because this is not biased by what happens for those genes in the
reference material. We may now directly compare genes with another, which
is potentially very useful for drug targeting. Note that statistical comparison
of genes is conceptually not different from comparing samples for the same
gene. As noted before (Figure 4.4) it may be interesting to combine the two
measures of gene expression. One would then hope that there is more biolog-
ically relevant information in the pair (K/, f/) than there is in either of the
two. For example, one can speculate that a classifier based on both ratios and
absolute concentrations is more powerful and robust than one that is based on
either of these gene expression measures, simply because ratios and absolute
concentrations are different pieces of biological information. However, several
hurdles need to be taken here, since the two quantities are obviously dependent
and with twice as many variables the dimension problem becomes larger.
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Abstract

Variable selection has been the focus of much research in recent years. In this
chapter we review our contributions to the development of Bayesian methods
for variable selection in problems that aim at either classifying or clustering
samples. These methods are particularly relevant for the analysis of genomic
studies, where high-throughput technologies allow thousands of variables to be
measured on individual samples. We illustrate the methodologies using a DNA
microarray data example.

5.1 Introduction

One of the major challenges in analyzing genomic data is their high-
dimensionality. Such data comes with an enormous amount of variables, which
is often substantially larger than the sample size. A typical example with this
characteristic, and one that we use to illustrate our methodologies, is DNA
microarray data. Commonly used approaches for analyzing gene expression
data proceed in two steps. First, the dimension of the data is reduced either
by assessing each gene one at a time and removing those that do not pass a
certain threshold, or by using a dimension reduction technique such as princi-
pal component analysis. Then, in a second stage of the analysis, a statistical
model is applied to the reduced data. A limitation of the univariate screening
approach is that it does not assess the joint effect of multiple variables and
could throw away potentially valuable markers, which are not significant in-
dividually but may be important in conjunction with other variables. With the
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dimension reduction techniques, one drawback is that the actual markers are
not assessed, since principal components, for example, are linear combinations
of all the original variables. The Bayesian methods reviewed here overcome
these limitations and address the selection and prediction problems in a unified
manner.

In high-throughput genomic and proteomic studies, there is often interest in
identifying markers that discriminate between different groups of tissues. The
distinct classes may correspond to different subtypes of a disease or to groups
of patients who respond differently to treatment. The problem of locating rel-
evant variables could arise in the context of a supervised or an unsupervised
analysis. In the supervised setting, a training data is available in which the
group membership of all samples is known. The goal of variable selection in
this case is to locate sets of variables that relate to the prespecified groups, so
that the class membership of future samples can be predicted accurately. In the
unsupervised setting, instead, the samples’ outcomes are not observed and the
goal of the analysis is to identify variables with distinctive expression patterns
while uncovering the latent classes. In statistics the supervised and unsuper-
vised frameworks are respectively referred to as classification and clustering.
The problem of variable selection is inherently different in the two settings and
requires different modeling strategies.

The practical utility of variable selection is well recognized and this topic has
been the focus of much research. Variable selection can help assess the impor-
tance of explanatory variables, improve prediction accuracy, provide a better
understanding of the underlying mechanisms generating the data, and reduce
the cost of measurement and storage for future data. A comprehensive account
of widely used classical methods, such as stepwise regression with forward
and backward selection, can be found in [18]. In recent years, procedures that
specifically deal with very large number of variables have been proposed. One
such approach is the least absolute shrinkage and selection operator (lasso)
method of Tibshirani [29], which uses a penalized likelihood approach to
shrink to zero coefficient estimates associated with unimportant covariates. For
Bayesian variable selection methods, pioneering work in the univariate linear
model setting was done by Leamer [16], Mitchell and Beauchamp [19], and
George and McCulloch [12], and in the multivariate setting by Brown et al. [3].
The key idea of the Bayesian approach is to introduce a latent binary vector to
index possible subsets of variables. This indicator is used to induce a mixture
prior on the regression coefficients, and the variable selection is performed
based on the posterior model probabilities.

Standard methods for classification include linear and quadratic discrimi-
nant analyses. When dealing with high-dimensional data, where the sample
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size n is smaller than the number p of variables, a dimension reduction step,
such as partial least squares [21] or singular value decompositions [33], is
often used. Methods that directly perform variable selection in classification,
such as support vector machines [32] and the shrunken centroid approach
[30], have also been developed in recent years. For cluster analysis, the most
popular algorithms include k-means and hierarchical clustering, which group
observations based on similarity or distance measures [13]. Model-based clus-
tering methods, which view the data as coming from a mixture of probability
distributions, offer an attractive alternative [17]. In this approach, a latent vec-
tor is introduced to identify the sample allocations and is estimated using
the expectation—-maximization algorithm [5] or Markov chain Monte Carlo
(MCMC) techniques. Diebolt and Robert [6] present MCMC strategies when
the number of mixture components is known. Richardson and Green [22] and
Stephens [26] propose methods for handling finite mixture models with an
unknown number of components. This general case can also be addressed via
infinite mixture models that use Dirichlet process priors [2, 8]. A few procedures
that combine the variable selection and clustering tasks have been proposed. For
instance, Fowlkes et al. [9] use a forward selection approach in the context of
hierarchical clustering. Recently, Friedman and Meulman [10] have proposed
a hierarchical clustering procedure that uncovers cluster structure on separate
subsets of variables.

In this chapter we review our work on Bayesian variable selection tech-
niques for classification and clustering. In the classification setting, we build
the variable selection procedure in a multinomial probit model and use the
latent variable selection indicator to induce mixture priors on the regression
coefficients. In the clustering setting, the group structure in the data is uncov-
ered by specifying mixture models. We discuss both finite mixtures with an
unknown number of components and infinite mixture models with Dirichlet
process priors. The discriminating covariates are selected via a latent binary
vector, which in this case indicates variables that define a mixture distribu-
tion for the data, versus those that favor 