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Abstract

Microarray experiments offer a potential wealth of information but also present a

significant data analysis challenge. A typical microarray data analysis project

involves many interconnected manipulations of the raw experimental values,

and each stage of the analysis challenges the experimenter to make decisions

regarding the proper selection and usage of a variety of statistical techniques.

In this chapter, we will provide an overview of each of the major stages of a

typical yeast microarray project. We will focus on providing a solid conceptual

foundation to help the reader better understand each of these steps, will

highlight useful software tools, andwill suggest best practices where applicable.
1. Introduction

1.1. Overview

Figure 2.1 illustrates a typical data analysis scheme for a microarray experi-
ment. The first challenge in a microarray project is to develop a clear
definition of the biological question of interest, as all subsequent tasks will
be guided by the goals of the study. Given the material and time costs
associated with microarray experiments, it is well worth designing a data
analysis scheme in tandem with your experimental approach, to ensure that
the data you produce will be sufficient to rigorously address your question
of interest. Once an overall goal for the project is set, the key experimental
design choices include the array platform, probe construction and sequence,
and experimental protocol. As these aspects of a microarray experiment are
covered elsewhere in this series,1 below we will focus our discussion on the
experimental design decision which has the greatest impact on data analysis:
single-sample versus competitive hybridization. Once an experiment has
been performed, data analysis begins with the acquisition of digital images
describing the signal intensity associated with each ‘‘spot’’ or probe on an
array. Image analysis results in a table linking each probe on the array with a
quantitative response value. In the preprocessing stage, these raw response
values are subjected to quality control and are normalized to allow for a fair
comparison of measurements between probes on a single array and among
different arrays. Once a high-quality set of comparable values has been
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TTTTAACAACACAGGACAATGAATAGTTCC
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Figure 2.1 The flow of information in a typical microarray data analysis project.
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obtained which describe the behavior of each unique target in each experi-
mental sample, results can be visualized with a variety of clustering tools
or subjected to statistically rigorous methods for identifying targets that
are affected by each experimental treatment. Finally, after we have identi-
fied an interesting set of mRNAs, genes, or other targets, there are a number
of ways to explore biologically meaningful associations among members of
the set.

In this chapter, we will walk through each of these major steps in the
chronology of a microarray data analysis scheme. The goals of this chapter
are to introduce common terminology, provide a conceptual basis for
understanding the major design concerns, and suggest useful software and
statistical tools where applicable.
1.2. Commonly used terms in microarray data analysis

Microarray platforms and experimental designs have grown increasingly
varied as new uses for microarray technologies have emerged. The termi-
nology used to discuss microarray data analysis procedures is often confusing
to newcomers because the vocabulary must be sufficiently abstract to
describe a wide range of technologies and assays. Here are some useful
working definitions:
Microarray
 Amicroarray can be broadly defined as a high-density grid
of probes attached to a two-dimensional surface.
Platform
 Platform specifies a particular array technology. This
includes the choice of surface material (glass, silicon),
probe material (PCR product, oligonucleotide), probe
targets (ORFs, SNPs, tiled genome-sequence), and
manufacturing process (robotically printed,
photolithography, ink-jet).
Probe
 A nucleic acid bait sequence, usually a DNA
oligonucleotide or PCR product, designed to hybridize
to a specific target in samples loaded onto the surface of
an array. Arrays may include more than one probe
sequence for each target.
Spot, feature
 A location on an array where a specific probe has been
printed or synthesized. Many array designs contain
replicate spots, meaning that a given probe is
represented by more than one spot on the array.
Biological
sample
The starting material from a biological experiment, such
as total RNA or DNA. In some designs this is directly
labeled and loaded onto the microarray, in others it is
first converted (e.g., from RNA to cDNA).
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Target
 A molecular species in the sample for which there is a
specific probe on the array.
Label
 Labels are attached to targets to allow for the detection of
material hybridized to each spot on the array. Usually
labels are fluorescent dyes, such as Cy3 and Cy5, which
are excited by a laser and detected using dye-specific
filter sets.
1.3. A simple case study

Consider a simple yeast experiment which we will use to illustrate different
aspects of a microarray data analysis project throughout this chapter. Sup-
pose we are interested in performing a common class of microarray experi-
ment: identification of genes which are differentially expressed when yeast
cells are exposed an environmental stress. Our biological samples in this
example might be total RNA isolated from cells before the treatment and
at various time points following the treatment. Our material preparation
protocol could involve a reverse transcription reaction in which we synthe-
size a cDNA copy of isolated RNA molecules, followed by a labeling
reaction in which we attach a fluorescent dye to our cDNA targets. Our
platform would be a yeast ORF array, containing DNA oligonucleotide
probes which are designed to hybridize to sequences specific to each gene in
the yeast genome.

Our goal in designing this microarray experiment and analyzing
our results will be to identify genes which are differentially expressed in
the pre- and posttreatment samples.
2. Experimental Design: Single-Sample Versus

Competitive Hybridization

From a data analysis perspective, one of the most important decisions
you will need to make when planning your microarray experiment is how
to setup your sample hybridizations. In single-sample, or ‘‘one-channel,’’
experiments each biological sample being assayed is individually hybridized
on an array. In a competitive hybridization, or ‘‘two-channel’’ design, two
or more biological samples with unique dye-labels are mixed and hybridized
together on an array. Typically, your choice of array platform will be tied to
your preferred hybridization strategy.
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2.1. Single-sample hybridization

A single-sample design can be appealing because it is both conceptually
simple and analogous to other common DNA or RNA detection proce-
dures (e.g., northern blot analysis). In these experiments, target molecules
from each biological sample are labeled with fluorescent dye and hybridized
to the surface of a single array. The intensity of the label associated with each
probe is quantified using digital image analysis and these intensity values are
used in all subsequent manipulations to represent the quantity of each target
in the starting sample. In order for label intensities to be comparable
between probes, the labeling procedure must operate at a similar efficiency
on each target probed by the array. This means that labeling must be
independent of the sequence length or base composition of the target.
To meet this requirement, end-labeling schemes are commonly used,
whereby a single fluorescent molecule is covalently linked to targets. The
major advantage of single-sample designs is that there is a direct, and under
optimal conditions potentially linear, relationship between the concentra-
tion of each target in the original biological sample and the label intensity
measured on the associated probe.

If we were to analyze the biological samples in our simple case study
above using a single-channel scheme we would hybridize end-labeled
cDNA copies of each of our original biological RNA samples onto indivi-
dual yeast ORF arrays. The absolute dye intensity imaged on each spot
would be used to represent the quantitative expression level of the asso-
ciated gene target. We could then compare expression levels between
samples mathematically. For example, we might ask what the fold-change
in expression levels of each transcript is between a pre- and posttreatment
sample by comparing probe intensities observed on two different arrays.
2.2. Competitive hybridization

While single-sample designs attempt to measure the absolute levels of probed
DNA or RNA species, competitive hybridization designs measure the
relative concentration of each probed species in two or more samples. In
standard competitive hybridization designs, two biological samples, usually a
‘‘reference’’ or control sample and an ‘‘experiment’’ or treatment sample, are
labeled with two different dyes. The samples are then mixed and hybridized
on the surface of an array. Two digital images are acquired for each array
using a wavelength filter specific to the emission spectrum of each of the two
dyes. During image analysis, the ratio of the two dye intensities is calculated
for each spot. This ratio value is then used in all subsequent analysis steps
to represent the relative level of targets in the two starting samples.

Competitive hybridization designs can be more difficult for those new to
microarrays to understand, because each measurement is inherently relative,
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rather than absolute.However, competitive hybridization also offers a number
of significant advantages over single-sample designs. Competitive hybridiza-
tion schemes tend to be insensitive to differences in the relative efficiency with
which different target sequences pass through the sample preparation protocol
and are detected on the array. In a typical gene expression experiment,
for example, we can imagine that the efficiency of RNA isolation, cDNA
synthesis, dye-labeling, and probe hybridization could each be affected by the
length and base composition of each target. Because competitive hybridization
arraysmeasure the relative levels of the same target sequence from twodifferent
starting biological samples on each probe, differences in the performance
characteristics of individual target sequences are not as relevant to themeasure-
ments being made.2

One disadvantage to competitive hybridization designs is that, with two
samples used per array, there is twice the material cost for each. A second
consideration to be aware of is that no two dyes will perform identically in
an array experiment. In two-color experiments using Cy3 and Cy5, for
example, there is often a ‘‘green’’ or Cy3-shift among low-intensity spots.
For this reason, it is important to flip the association of dyes and samples in
replicate array experiments (‘‘dye-flipped’’ replicates), to ensure that obser-
vations are not the result of a dye-intensity bias. In Section 4, we will
also discuss computational methods which allow us to assess and mitigate
dye-intensity bias.

Competitive hybridization designs are not limited to two samples.
Conceptually the only limit to the number of samples that can be put on
a single array is the number of unique dye wavelengths that can be reliably
differentiated. Several commercial scanners now support up to four dyes
and several data analysis packages are already prepared to handle arbitrarily
large numbers of dye-channels.
2.3. Choosing the best approach

Both of these hybridization strategies have been used in the microarray field
to produce accurate and reproducible data. A good litmus test for which
approach is best suited to your study may be to consider whether or not
your question of interest is comparative. In the case study introduced above,
our biological question is indeed comparative: we are interested in measur-
ing changes in the relative abundance of transcripts in an experimental and
control sample. We have a clear reference, the pretreatment sample, to
which we want to compare transcript abundance in posttreatment samples.
2 This is not to suggest that probe intensity is not a consideration in competitive hybridization experiments.
As we discuss below, for example, it is important to be aware of dye-specific intensity biases. However, with
proper normalization, competitive hybridization designs can be extremely robust across a very wide range of
probe intensities.
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In this example, the competitive hybridization approach allows us to per-
form this comparison directly, rather than as mathematical manipulation,
thereby simplifying our data analysis approach and avoiding the potential
propagation of error.

The advantage of competitive hybridization designs for comparative
studies becomes even stronger when we consider investigations involving
more than one experimental factor. Suppose we are interested in testing
both a wild-type (WT) and mutant strain in our example stress experiment.
In a first pass experiment, we might hybridize a pre-stress sample against a
post-stress sample for each of these two strains, on two different arrays. How
would we interpret our results if we observed subtle differences between the
two strains, which could plausibly be either biologically meaningful or
simply due to random variation? In a competitive hybridization design we
can add a third array into the mix which makes this comparison directly,
hybridizing poststress samples from the WT and mutant strains on the same
array. Because at least one of two original biological samples has been
hybridized onto each of these three arrays we have a powerful tool for
ensuring that the observations made on each array are directly comparable.3

Linear analysis packages such as Limma, discussed in Section 6, allow us to
use competitive hybridization designs such as this to rigorously assess the
statistical significance of apparent changes in expression level of a given
target between two samples.
3. Image Analysis

The computational phase of a microarray experiment begins with the
analysis of digital images. Image analysis usually encompasses the following
steps:

(1) Identify regions in the image which represent spots where probes have
been printed.

(2) Calculate the average intensity of pixels within each spot (foreground
pixels).

(3) Calculate the average intensity of pixels which lie outside of spots
(background pixels).

(4) Associate spots with platform annotations (probe identifiers).

In this section, we will consider the information held in image files and
how it is used to describe the quantity of target material hybridized to
probes on an array.
3 In performing this experiment, we would actually use at least six arrays to obtain data from dye-flipped
replicates of each experimental contrast. We would probably also perform a fourth type of array, comparing
prestressed WT and mutant samples to isolate the effect of the mutation alone.
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3.1. What is a digital image?

To fully understand the processing of microarray images, it is important to
understand how information is stored in a digital image. The simplest digital
image formats store a table of intensity values corresponding to each pixel
position in the image. The resolution of an image is equal to the dimensions
of this table, usually expressed as the ‘‘number of columns � the number of
rows,’’ for example, ‘‘1024 � 1024.’’ Microarray images are gray-scale,
meaning that each pixel has a single intensity value associated with it. The
range of intensity values for each pixel depends on the bit-depth of the
image. Typically, microarray images are 16-bit, meaning that pixel inten-
sities can range in value from 0 (black) to 65,535 (white).4 Do not be
alarmed if you open a microarray image in your favorite image viewer
and it appears to be blank. Microarray images often fail to render properly in
photo applications because these software packages are usually designed to
handle only 8-bit images.

When working with microarrays, it is important to be aware of the
file format being used to store array images. Microarray images should
always be kept in loss-less formats. Compressed image formats, such as
JPEG, discard pixel information during compression in the interest of
decreasing overall file size. Although it might be tempting to choose a
compressed format for long-term storage, because microarray image files
can be quite large, storing images in a lossy format is the digital equivalent to
throwing away data.

The tagged image file format (TIFF) is a commonly used to store
microarray images. By default these files store data uncompressed. Each
TIFF can hold an arbitrary number of images, called layers. This feature is
used in competitive hybridization experiments to save the images from both
dye-channels in a single file. As the name suggests, TIFFs can also hold a set
of user-defined tags. Microarray scanner software will often save informa-
tion about the image acquisition session to these files such as the scanner
temperature and laser settings. Other common file formats which offer
loss-less compression include PNG (portable network graphics) and GIF
(graphics interchange format).
3.2. Data files

Input. Image analysis consumes two types of data: the digital images them-
selves and platform-specific probe annotations. Probe annotations are
usually saved in text files which associate spot addresses on the array with
information about the probes printed on each spot. Examples include
4 Each bit in the file has one of two values (binary), so with 16-bits per pixel this is 2
16

possible values.
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GenePix GAL files and Affymetrix CDF files. These files allow us to link
each observation in the array data to:

(1) a spot location, or set of locations, on the surface of the array (informa-
tion that can be used in quality assessment)

(2) a probe sequence (necessary for MIAME5 compliance).

Output. Image analysis produces a table of information describing various
properties of each spot on the array. Usually these files have as many rows as
there are spots on the array. Example formats include GenePix GPR files,
Affymetrix CEL files, and SPOT files. Average intensities of the pixels
associated with each spot are extracted from these files in the preprocessing
step. Information stored in these files often describes the shape of each
spot and variation in pixel intensities, both of which can be used to flag
low-quality spots during spot filtering.
3.3. Software tools

3.3.1. Commercial packages
Most commercial microarray scanners are sold with accompanying licenses
for image analysis software. For example, GenePix is licensed with Axon
scanners and offers an integrated image analysis solution, including control
of the scanner to acquire images, import of probe information, spot finding,
and pixel intensity analysis. One advantage of commercial image analysis
packages is that they tend to offer integrated, user-friendly interfaces.
Unfortunately, it can be quite costly to obtain a license for these packages
in the absence of a hardware purchase. Also, as with any closed-source
software, it is usually not possible to obtain detailed information about the
implementation of image analysis algorithms.
3.3.2. Open-source and freely available packages
Although none of the free solutions have reached the maturity of most
commercial packages, there are several projects worthy of note:
5

ScanAlyze (http://rana.lbl.
gov/EisenSoftware.htm)
See Section 8.2.
An open-source microarray image
analysis package written and
maintained by Michael Eisen.
(Windows only)
MicroArray_Profile (http://
www.optinav.com/imagej.
html)
An ImageJ (http://rsbweb.nih.gov/ij/)
plug in that can be used to analyze
microarray images. MicroArray_
Profile allows you to define a spot

http://rana.lbl.gov/EisenSoftware.htm
http://rana.lbl.gov/EisenSoftware.htm
http://www.optinav.com/imagej.html
http://www.optinav.com/imagej.html
http://www.optinav.com/imagej.html
http://rsbweb.nih.gov/ij/
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grid, automatically adjust spot
diameters and export labeled mean
pixel intensity values. (Cross-
platform)
Spot (http://www.cmis.csiro.
au/iap/Spot/spotmanual.
htm)
An R package that can be used to
perform microarray image analysis,
originally written by Yang et al.
(2001). Installation instructions and a
step-by-step user guide are both
available on the web site.
(Cross-platform)
4. Preprocessing

Data preprocessing can encompasses a number of different manipula-
tions of the raw probe intensity values obtained from image analysis.
In general, the goals of preprocessing are to ensure that:

(1) Observations are comparable between different probes on a single
array.

(2) Observations are comparable between arrays.
(3) Low-quality observations are removed from the dataset.

Preprocessing procedures are dependent on the array platform and
hybridization scheme. In the sections that follow we will focus our discus-
sion on preprocessing data from competitive hybridization experiments. In
general, a preprocessing workflow will consume data from image analysis
files (GPR, CEL, SPOT) and ultimately produce a table which associates a
single expression value with each target across each unique experimental
condition. This table then serves as the starting point for higher order
analysis such as hierarchical clustering or differential expression analysis.
4.1. Software tools

The preprocessing procedure is often the most computationally intensive
and data rich stage of a microarray analysis scheme, usually encompassing
several transformations of the primary data. Because of this, it is important to
establish a set of best practices for your lab which ensure that the preproces-
sing of data are both consistent between arrays and well documented.

Here we review several useful software tools which can be used to
perform preprocessing steps. Section 8 at the end of this chapter addresses

http://www.cmis.csiro.au/iap/Spot/spotmanual.htm
http://www.cmis.csiro.au/iap/Spot/spotmanual.htm
http://www.cmis.csiro.au/iap/Spot/spotmanual.htm
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data persistence tools which can be used store and replicate the input to, and
output from, your preprocessing procedure.
4.4.1. Spreadsheets
Common spreadsheet applications include Microsoft Excel, OpenOffice
Calc, and Google Docs Spreadsheets. Spreadsheet applications are appealing
working environments because they are familiar to most researchers and
microarray data structures fit neatly into two-dimensional tables. Spread-
sheet applications usually feature some basic declarative programing facil-
ities, for example, allowing the user to calculate values using predefined
formula based on the data held within a range of cells in a table. There are
several common pitfalls of spreadsheet software; however, which should be
considered before committing to using spreadsheets for the bulk of a data
analysis scheme. First, many spreadsheet applications (with the exception of
Google Docs) allow the user to perform sorting and filtering operations
on arbitrary subsets of rows or columns based on the current user selection.
In a single ‘‘click’’ this can lead to disastrous consequences, such as jumbling
ratio values and probe labels. Second, spreadsheet packages usually do not
build a long-term record of changes made to the data by the user (again,
with the exception of Google Docs), placing the onus of manually recording
each and every data manipulation on the researcher. Finally, many spread-
sheet applications impose hard limitations on the number of columns and
rows present in each table. Before committing to a particular software
package it is important to verify that the software will support the dimen-
sions of your array platform and the number of arrays you intend to perform.
4.4.2. Commercial statistics packages
Commercial statistical packages such as SPSS or Minitab offer a step-up
from basic spreadsheet applications. These software packages are usually
designed to efficiently handle large datasets and offer more robust facilities
for describing the structure of a tabular dataset than most spreadsheet
software. These packages also implement a broader range of statistical
algorithms and usually support more sophisticated programing capabilities.
Disadvantages of these software packages include the expense of licenses
and, because they are closed-source, a lack of access to details about the
implementation of the statistical methods they feature.
4.4.3. [R] and Bioconductor
In the domain of microarray data analysis one open-source statistical envi-
ronment is worthy of special note: R.6 R is a freely available, open-source
derivative of the S-Plus system and has attracted the attention of wide range
6 http://www.r-project.org/

http://www.r-project.org/
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of users in both the academic and private sectors. There are several features
which make R appealing as a data analysis environment. First, it is entirely
open-source. This means that the software is both free to obtain and that the
implementation details of all statistical methods found in R are freely
available and open to scrutiny. Second, R has emerged as one of the most
accommodating environments for statistical research, leading to the estab-
lishment of an active and innovative community. Finally, R implements a
full-featured programming language which can be used to abstract and
automate sophisticated analysis procedures.

Because of these features, R was chosen as the host environment for the
Bioconductor7 suite of microarray data analysis software (Gentleman et al.,
2004). Bioconductor boasts an impressive array of microarray analysis tools
which support a wide variety of platforms and address both preprocessing
and higher order analysis. Although R and Bioconductor offer an ideal set
of microarray data analysis tools, the initial learning curve can be quite steep,
especially for those unfamiliar with command-line environments or script-
ing languages. However, if your microarray project extends beyond a
small number of arrays, spending the time to learn how to use R and
Bioconductor at the start of a project can save you many hours of work
down the road. In contrast to working in a spreadsheet application, once
you have designed a data analysis procedure in R you will never have to
manually perform it again: any set of commands can be saved in a script file
and run on new input data.

To get started with R, one-click installers are available for Windows,
Mac OSX, and Linux platforms and can be found in the ‘‘download’’
section of the R-project.org web site. When you launch R on your system
you will be presented with an ‘‘interactive interpreter’’ window in which
you can enter commands. R comes packaged with a number of documents
in PDF format aimed at the new user. The best place to start is with the
introductory ‘‘R-intro.pdf.’’ On Windows, users can find this document
from within the ‘‘Rgui’’ application (found in the Start menu after installa-
tion) by opening the ‘‘Help’’ menu, selecting ‘‘Manuals (in PDF),’’ and
then ‘‘An Introduction to R.’’ The exercises in this document should take
new users a few hours to work through and will introduce you to all of the
key features and concepts needed to implement data analysis schemes in R.

Installing Bioconductor from within the R environment is easy.
To perform a standard installation, enter the following commands at the
R prompt (denoted below as a ‘‘>’’):

> source(‘‘http://bioconductor.org/biocLite.R’’)
> biocLite()
7 http://www.bioconductor.org/

http://bioconductor.org/biocLite.R
http://www.bioconductor.org/
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Additional installation options and instructions for installing nonstandard
packages are available on the Bioconductor web site.8 Once installed, you
can load a specific Bioconductor package with the library( ) function. To
load the ‘‘marray’’ suite of preprocessing functions, for example, enter:

> library(marray)

The R help() function can be used to obtain information about the use
of methods implemented in Bioconductor packages. For example, the
following command will display information about the usage of the main
array normalization function (‘‘maNorm’’) in the ‘‘marray’’ package:

> help(maNorm)

Many Bioconductor packages also come packaged with tutorial style
documents in PDF format called ‘‘Vignettes.’’ To access the vignettes from
within R:

> library(Biobase)
> openVignette( )

You can then enter the number corresponding to the vignette of interest
and the associated PDF should open on your system. For microarray
normalization procedures the ‘‘marray’’ and ‘‘Limma’’ vignettes are great
places to get started.
4.2. Calculating ratio values

In a competitive hybridization experiment, ratios are calculated for each
spot from the average pixel intensities in each channel. There are several
methods which can be used to calculate the average pixel intensity for a
spot. The first option to consider is which descriptive statistic will be used,
usually the mean or median. On a high-quality spot, the values of the mean
and median pixel intensities should be very similar. One advantage to
choosing the median pixel intensity over mean is that it will be more robust
to small numbers of outliers, which can help to mitigate the effects of small
scratches (aberrantly low-intensity pixels) or dust (aberrantly high-intensity
pixels). The second consideration is whether the channel ratios are calcu-
lated before or after averaging. For example, one can first average the
intensity of pixels in the red and green channels independently and then
calculate the ratio of these two averages (‘‘ratio of the means’’ or ‘‘ratio of
the medians’’). Alternatively, one can calculate the ratio of the intensity of
the red and green channel for each pixel and then average the set of ratios
8 http://www.bioconductor.org/docs/install/

http://www.bioconductor.org/docs/install/
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(‘‘mean of ratios’’ or ‘‘median of ratios’’). Again, for a high quality spot, we
would expect these four values to be similar.

By convention, we usually assign the ‘‘red’’ (Cy5; 635 nm filter) channel
to the experimental treatment and ‘‘green’’ (Cy3; 536 nm filter) channel to
the reference sample, so that this ratio is greater than 1 when a gene target
increases in abundance in response to a treatment, and the ratio is less than 1
when a target decreases in abundance. It is important to remember to ‘‘flip’’
values, or calculate the inverse of the ratios obtained from image analysis,
for arrays in which the experimental and reference channels are arranged in
the reverse orientation.

Finally, it is also common practice to transform ratio values to a linear
scale. A log2 transformation makes ratios particularly convenient to work
with because it is simple to conceptualize the fold-change in a ratio
given a log2 value. For example: log2(2/1) > 1, log2(1/1) > 0, and
log2(1/2) > �1.
4.3. Normalizing ratio values

In a competitive hybridization experiment, the total signal intensities of the
red and green channels will never be perfectly balanced. As described in
Chapter 3 in this volume, consideration is given to signal balance in both
the sample preparation and image acquisition stages. However, a final
mathematical manipulation of the data is required to account for any
remaining array-specific biases in signal intensity in order for ratio values
to be fairly compared between different arrays. Many normalization strate-
gies also include adjustments for technical bias to improve comparison
between probes on the same array.

It is important to carefully consider both the structure of your data and
the underlying biological question of interest when choosing a normaliza-
tion scheme. For best practices, it is recommended that plots be made which
will allow you to assess the overall distribution of ratio values on each array
before and after normalization. Histograms or density plots such as those
illustrated in Fig. 2.2 are easy to make in spreadsheet software and statistical
packages. Boxplots are useful when you want to compare the distribution of
ratio values across a large number of arrays on a single axis (Fig. 2.3). Finally,
scatter plots comparing ratio values to spot pixel intensity (in Bioconductor,
‘‘MA’’ plots) are useful for assessing the degree to which spot ratios have
been influenced by a dye-intensity bias.

4.3.1. Global mean or median normalization
The simplest form of ratio normalization is a global mean or median
adjustment. As illustrated in Fig. 2.2, in this normalization procedure each
ratio is adjusted by a constant value to center the mean or median of the
distribution of ratios observed on the array. In this example, the ratios on
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Figure 2.3 Boxplots showing example distributions of log2(ratio) across a large num-
ber of arrays. Log2(ratio) values are shown on the y-axis and data from each array is
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after (B) normalization. Notice that we can easily identify two low-quality arrays as
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Figure 2.2 A hypothetical distribution of log2(ratio) values before and after global
median normalization. Before normalization this is a ‘‘green’’ array, where the average
ratio of red/green is <1. After normalization we have shifted the distribution to the
right, moving the median log2(ratio) value to 0 and preserving the shape of the
distribution.
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our array showed a clear ‘‘green’’ bias (log2(ratio) < 0), which we can
account for by adding a constant value to the log2 transformed ratios (or
by multiplying by a constant value if we are working with raw ratios).

A global adjustment is appropriate if we can assume that the total amount
of input material from the experimental and reference samples should be
equivalent. In most cases a median adjustment is preferable to a mean
adjustment, because it will be insensitive to outliers. This adjustment is
easy to calculate in a spreadsheet or statistical package.
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4.3.2. Normalizing to spike-in controls or housekeeping genes
In cases where we expect a large proportion of targets to show a biologically
relevant change in expression levels between the experimental and refer-
ence samples, a global median normalization may not be appropriate. The
alternative is to normalize features on the array based on the behavior of a
small subset of spots we expect to not show expression level changes
between the two samples. One option is to choose probes which target
‘‘housekeeping’’ genes which we can reasonably assume will not be affected
by the treatment. A second strategy is to design probes which do not target
any of the DNA/RNA species in the original biological sample, but rather
hybridize to a ‘‘spike-in’’ control which can be added to the samples at
a standard concentration. One disadvantage to both of these schemes is they
rely heavily on the behavior of a relatively small number of spots, and
the consistency of the underlying concentration of material probed by
those spots.
4.3.3. Adjusting for intensity bias
A global normalization, based either on the median ratio value or control
spots, adjusts all ratios using a constant value, irrespective of the signal
intensity observed on each spot. However, most competitive hybridization
arrays exhibit a bias in ratio value across different signal intensities. As
mentioned previously, one common cause for this bias can be variability
in the behavior of different dyes at different levels of intensity. LOESS
(local polynomial regression fitting) is a regression-based approach which
can be used to adjust ratio values based on the observed relationship
between spot ratio and intensity (Cleveland et al., 1992; Yang et al.,
2002). An excellent application of this procedure to microarray data is
provided by Bioconductor ‘‘marray’’ package.9
4.3.4. Adjusting for spatial or print-tip bias
Another source of technical error in microarray data which normalization
can be used to minimize is bias in ratios arising from the physical location of
spots on the array. Depending on the array platform, location bias can be
caused by the manufacturing process (e.g., printing efficiencies of different
print-tips in robotically pinned arrays), the hybridization process or incon-
sistencies in scanner alignment. Although it is possible to manually imple-
ment spatially aware normalization procedures using common spreadsheet
software, Bioconductor offers a number of well developed and convenient
tools. The marray package, for example, can be used to apply LOESS
smoothing to ratios based on either printing block (for pinned arrays) or
the two-dimensional spatial bias in the local neighborhood of each spot.
9 See documentation for the ‘‘maNorm’’ wrapper function.
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The Bioconductor ‘‘arrayQuality’’10 package also offers powerful visualiza-
tion tools for assessing spatial bias across the surface of an array.
4.3.5. More aggressive approaches
If your biological question of interest and the structure of your data conform
to a stricter set of assumptions than standard expression arrays, there are a
variety of more aggressive normalization techniques which can be used.
For example, if you can assume that the variation in ratio distributions
should be equivalent between arrays you may consider performing scale
or quantile normalizations (Dudoit and Yang, 2002).
4.4. Quality assessment, filtering, and handling replicates

A data analysis procedure is only as strong as the quality of the data fed into
it. It is, therefore, important to assess the quality of your array data and
implement an effective filtering scheme. Quality assessments can be both
qualitative and quantitative, and can be used to filter individual data points
or entire arrays.
4.4.1. Spot quality
The first stage of spot filtering occurs during image analysis. Spots which
cannot be found by the image analysis software should be flagged for down-
stream filtering. Spots should also be flagged if they are smeared, continuous
with another spot, significantly marred by dust, or scratched. Depending
on your array platform, it may also be useful to automatically flag spots
which are bigger or smaller than certain reasonable size cutoffs or for which
there are extremely high variances in the pixel intensities in either dye-
channel. Flags can be added to image analysis data tables using a calculated
column in a spreadsheet orwith logical index vectors inR.Generally, flagged
spots are excluded from ratio normalization calculations.
4.4.2. Array quality
As a general rule of thumb, if an array ‘‘looks bad’’ then it probably is.
The Bioconductor arrayQuality10 package implements a number of plotting
techniques which can be used to identify spatial bias across the surface of an
array. For example, a heatmap of ratio-value ranks on an array will readily
reveal any spatial bias in spot ratios. If your platform design includes replicate
spots (identical probes printed in multiple locations) which are distributed
across different locations on the array it is possible to assess whether or not
variation in ratio values can be explained by surface position. Replicate spots
10 http://bioconductor.org/packages/2.4/bioc/html/arrayQuality.html

http://bioconductor.org/packages/2.4/bioc/html/arrayQuality.html
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also allow you to calculate an average variance among replicate groups, a
parameter which can provide a useful measure of array quality.

4.4.3. Utilizing spot and array replicates
There are a number of ways in which technical replication can be used to
enhance the power of microarray-based investigations. The central question
of how to best make use of technical replication comes down to when in the
analysis procedure replicates should be averaged and how to utilize infor-
mation about the variability underlying each unique measurement. Spot
replicate averaging can be accomplished by taking the mean or median.
Whenever you average values, it is also important to calculate a measure-
ment of variation among the observations contributing to each average.
Variance and standard deviation are used most commonly. As noted above,
spot replicate and array replicate variation can be used as a quantitative
measure of array quality. Information about the variation among replicates
can also be used to ‘‘weight’’ observations in most clustering algorithms (see
Section 5), allowing higher quality observations to have a stronger influence
on the structure of the resulting graph. Finally, replicate variation is also
used in differential expression analysis (see Section 6). When submitting
datasets to public repositories (see Section 8.2), it is important to include
preaveraged data, so that interested parties can independently recreate these
data analysis steps.
4.5. Preprocessing Affymetrix arrays

Although the goals for preprocessing single-sample arrays are similar to
those for competitive hybridization arrays, the preprocessing approaches
differ significantly. Single-sample arrays, such as the Affymetrix GeneChip
platform, often include a series of ‘‘Perfect match’’ (PM) and ‘‘Mismatch’’
(MM) probes for each gene target. Preprocessing of these arrays involves
summarizing PM and MM probe set behaviors. There are a number of
software packages available which implement different preprocessing
algorithms for Affymetrix arrays. Two mature and popular options are:
Expression
console
Affymetrix offers their expression array analysis software
free of charge for registered users on their web site
(http://www.affymetrix.com/support/technical/
software_downloads.affx). The latest generation of this
analysis suite implements several preprocessing
algorithms including MAS, PLIER, and RMA.
Bioconductor
 The Bioconductor project includes a number of packages
which can be used to normalize data from Affymetrix
arrays, including: ‘‘affy,’’ ‘‘gcrma,’’ and ‘‘affyPLM’’
(Bolstad et al., 2003; Irizarry et al., 2003).

http://www.affymetrix.com/support/technical/software_downloads.affx
http://www.affymetrix.com/support/technical/software_downloads.affx
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5. Visualizing Data Using Cluster Analysis
One of the most popular ways to explore microarray datasets is with
clustering analysis. Microarray datasets may contain information about the
behaviors of �10k�1M different probes across dozens or hundreds of
different experiments, resulting in a grid of data which is far too large to
simply ‘‘browse.’’ Clustering techniques are used to order the data according
to the behavior of probed targets (genes), experimental factors (arrays), or
both. Visualization tools are then used to explore the resulting data structure.
5.1. Hierarchical clustering

The most common clustering algorithm used in the microarray field is
hierarchical clustering. Hierarchical clustering is an uncensored machine
learning method, meaning that it is used to order a dataset based on the data
alone rather than a predefined model.

5.1.1. An example use-case
Let’s consider our microarray case study from the introduction. After we
have analyzed our array images, normalized and log2 transformed our ratio
values, and filtered out low-quality data we will be left with a table of
information which describes the behavior of target genes in each of our
biological sample hybridizations (Table 2.1). We can use hierarchical clus-
tering of this table of values to help us identify genes which exhibit similar
behaviors across this stress time course. In this case, we would only want
to cluster the gene or target axis, because the experiments already have an
obvious biologically meaningful order.

5.1.2. How hierarchical clustering works
Hierarchical clustering begins by examining a list of elements, in this
example a list of genes, to identify the two elements which are most similar.
The results of a hierarchical clustering run are highly dependent on the way
in which ‘‘similar’’ is defined. Pearson correlation is a straightforward
similarity metric to imagine in this context: the similarity between any
Table 2.1 Example data structure produced by preprocessing which can be used for
cluster analysis

Array 1 (stress time

point 1/control)

Array 2 (stress time

point 2/control)

. . .

Gene1 �0.1503 �0.3861 . . .
Gene2 0.3857 0.2168 . . .
. . . . . . . . . . . .
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two genes can be calculated as the Pearson correlation of log2(ratio) values
observed across the arrays in the time course. The absolute value of the
Pearson correlation could be used if we wanted genes which showed large
changes at the same time point to score as similar, irrespective of whether
expression levels went up or down. Nonparametric measures such as
rank order or Euclidean distances can also be used to evaluate similarity.
Choosing a different similarity metric can dramatically affect the structure of
a cluster, so it can be beneficial to spend some time exploring your options.

Once the two most similar genes have been identified in the starting list,
they are associated on a single branch of a tree. The original data associated
with these two genes is then removed from the list of elements and replaced
with a new entry that represents the ‘‘average’’ behavior of both. The
method by which the ‘‘average’’ behavior of a branch is represented in
subsequent similarity calculations (the linkage method) is the second major
parameter which controls the behavior of hierarchical clustering.

5.1.3. Common pitfalls
There are several features of hierarchical clustering algorithms which can
lead new users astray in the interpretation of their results. First, although
hierarchical clusters are often used to ‘‘group’’ genes or experiments into
discrete subsets, grouping is not the goal of hierarchical clustering per se.
Commonly used hierarchical clustering algorithms only operate on the pair-
wise distances between elements in a list; they do not consider the larger
structure of the data. As such, these algorithms are ‘‘bottom-up’’ approaches
and do not necessarily create a tree in which the average distance between
all elements is fully minimized, nor do they suggest a best cutoff level in
the resulting tree to produce meaningful subsets of elements. There are,
however, a number of techniques which have been developed to help
overcome these limitations of hierarchical clustering, notably the tree
‘‘pruning’’ algorithms implemented in the Bioconductor ‘‘hopach’’ library
(van der Laan and Pollard, 2003).

When exploring a hierarchical cluster, it is important to remember that
each node has two equivalent orientations and that the orientation chosen
when a tree is initially rendered is effectively arbitrary. Flipping the orien-
tation of a node can dramatically change the visual appearance of a cluster,
because of changes in the linear order of the gene or array axis, but has no
effect on the overall pair-wise distances between genes. When considering
the relatedness of elements on a clustered graph it is important to pay close
attention to the actual distance between elements in the tree rather than the
relative order on the plot.

5.1.4. Software
The open-source Cluster 3.0 package features an easy-to-use interface and a
host of clustering procedures (de Hoon et al., 2004). Cluster 3.0 can read
data from tab-delimited text files produced in the preprocessing step.
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Depending on the setup, clustering runs produce files with some or all of the
following extensions:
11

12
.cdt
http://ww
http://ww
These files hold the original table of data, with targets (genes)
listed in each row and sample comparisons (experiments/arrays)
listed in each column. The CDT tables may also have a gene
weight (GWEIGHT) column and experiment weight
(EWEIGHT) row which describe the clustering weight of each
gene and experiment, respectively. As mentioned above, it can
be useful to draw weights for a clustering run from measures of
variance among technical replicates.
.gtr
 Gene-tree files contain tables which describe each branch in the
tree as an association of two child genes/nodes (1st and 2nd
column) and a parental gene/node (3rd column), as well as the
distance from children to parent (4th column).
.atr
 Array-tree files are identical to gene-tree files, but describe array
clustering.
The information saved in these output files can be visualized using the
open-source, cross-platform, Java TreeView package (Saldanha, 2004). Java
TreeView draws a heatmap of ratio values from data saved in the CDT file
and associated gene- or array-trees if similarly named GTR or ATR files are
found in the same directory.
5.2. Partitioning and network-based approaches

In addition to hierarchical clustering, there are a wide variety of other types
of clustering methods which can be used to explore microarray datasets.
Several commonly used partitioning methods include: self-organizing maps
(SOMs) (available in Cluster 3.0 and the ‘‘som’’ R package), k-means
clustering (available in Cluster 3.0), and Prediction Analysis for
Microarrays11 (PAM) (available as the ‘‘PAM’’ R package and as an Excel
plug in). Like hierarchical clustering, these partitioning algorithms make use
of distance metrics and linkage methods to cluster closely associated genes or
arrays. Unlike hierarchical clustering, partitioning algorithms are designed
to construct defined subsets of element, although for some approaches,
like SOMs, the use of stochastic parameters means multiple runs on the
same dataset may not always produce the same result.

Among network-based approaches, the BioLayout Express12 implemen-
tation of the Markov Cluster Algorithm (MCL) is particularly worthy of
note (Freeman et al., 2007). MCL belongs to a class of algorithms which
w-stat.stanford.edu/�tibs/PAM/
w.biolayout.org/

http://www-stat.stanford.edu/~tibs/PAM/
http://www.biolayout.org/
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optimize the overall distances between nodes across the entire set of ele-
ments being clustered. Network-based approaches are much more flexible
than hierarchical clustering in the kinds of paths between nodes which can
be drawn, and can be more conducive to a visual exploration of gene
groups. BioLayout Express is an open-source, cross-platform software
package with excellent documentation and a well-developed user-interface.
6. Assessing the Statistical Evidence

for Differential Expression

Microarray data are often used to identify changes in gene expression
in response to an experimental treatment. Conceptually, we would like to
be able to extract a unique list of genes from a microarray dataset which
are differentially expressed in one biological sample compared to another.
The challenge comes when deciding how to draw a cutoff in ratio values.
Although a blanket cutoff of a ‘‘twofold change’’ has been used in the
microarray field in the past, this is not a statistically rigorous approach nor is
it a reasonable approximation for many datasets.

Our goal in assessing the evidence for differential expression of targets in a
microarray dataset can be conceptualized in the same terms as any canonical
hypothesis testing problem. In this case, the null hypothesis, which we want
to know whether or not to reject, is that the observed log2(ratio) value for a
particular target is actually no different than 0. Given the variability in the
measurements observed among replicates, and the average expression
change across the dataset, we want to calculate statistics which will allow
us to assess the probability that accepting or rejecting this null hypothesis will
result in a false-positive (type I error; identifying genes as differentially
expressed which are not) or false-negative (type II error; identifying genes
as not differentially expressed which are) determination. However, calculat-
ingmeaningful significance levels for each gene in a large dataset is a complex
problem. For example, if we test this null hypothesis for 15,000 probes
on an array using a classical t-test, the high level of multiple testing shifts
the scale of meaningful p-values away from what we are normally used to
considering.

Here we briefly discuss two statistical approaches to this problem which
are implemented in mature software packages and have been used to great
effect in yeast studies:
6.1. Significance analysis of microarrays

Significance analysis of microarrays (SAM) uses gene-specific t-tests, calcu-
lated using a nonparametric statistic, to provide an estimate of the false
discovery rate at a given ratio value cutoff (Tusher et al., 2001). SAM is
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flexible enough to handle most common experimental designs, but is less
versatile in this regard than Limma. SAM is available as both an [R] library
and a Microsoft Excel plug in. It is free to download for academic users.
6.2. Limma

Limma is a Bioconductor software package which uses linear models to
analyze microarray data and assess evidence for differential gene expression
(Smyth, 2004). Limma can be used to model virtually any experimental
design, accounting for sample measurements taken across complex sets of
competitive hybridization pairs. An extensive user manual and step-by-step
walkthrough are provided in the Limma documentation.13
7. Exploring Gene Sets

Having identified an interesting group of targets (e.g., genes) using
cluster analysis or differential expression assessment, the next question we
usually want to address is: what is similar about the members of each group?
Here we review some common approaches to this question.
7.1. Gene Ontology term mapping

The Gene Ontology (GO) project is cross-species gene annotation effort
which defines a controlled vocabulary of terms describing a gene product’s
function, biological process, or cellular component (Ashburner et al., 2000).
When presented with a subset of genes which show a similar pattern of
expression in a microarray dataset, it can be useful to determine whether or
not the GO annotations associated with those genes suggest a common
biological function. In GO, terms are related to one another through a
branched hierarchy.14 Genes can be annotated with any number of terms
from any level of this hierarchy. Conceptually the complex structure of GO
terms is appealing, because it allows for a high degree of flexibility in gene
labeling. Unfortunately, this structure also makes it difficult to appropriately
estimate the statistical relevance of a potentially overrepresented GO term in
a list of genes. The GO Slim Mapper15 hosted at the Saccharomyces
Genome Database offers a Web-based solution which assesses the statistical
likelihood that a GO term is meaningfully overrepresented in a given set of
genes, plotting the results on a GO term graph. The Bioconductor
13 See ‘‘userguide.pdf’’ in the ‘‘/doc’’ subdirectory of the limma library or enter ‘‘> library(limma); limma
UsersGuide( )’’ at the R prompt.

14 More properly, the GO topology is an acyclic graph as child terms can be associated with multiple parents.
15 http://www.yeastgenome.org/cgi-bin/GO/goSlimMapper.pl

http://www.yeastgenome.org/cgi-bin/GO/goSlimMapper.pl
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‘‘GOSemSim’’ package16 also provides methods for estimating GO seman-
tic similarities in gene sets. Finally, the GeneMAPP software package offers
an excellent set of tools for drawing pathways based on GO terms which can
then be highlighted based on gene behavior in a microarray dataset
(Dahlquist et al., 2002).
7.2. Motif searching

Motif searching can be used to identify potential cis-regulatory elements
associated with coregulated gene products. MEME and AlignACE are two
popular software packages which each offer Web-based submission (Bailey
et al., 2009; Hughes et al., 2000). An in-depth discussion of motif searching
algorithms by Hao Li appears in ‘‘The Guide to Yeast Genetics and
Molecular Biology, Part B’’ (Li, 2002).
7.3. Network visualization

There are a number of tools available which allow one to visualize interac-
tion networks, integrating microarray data, proteomic data and other
sources of gene annotations. The open-source Cytoscape17 project is par-
ticularly worthy of note for its excellent documentation, accessible learning
curve, and active community.
7.4. Graphing array data on genome tracks

Analysis of tiling microarray data usually involves visualizing probe beha-
viors on genomic tracks. The ‘‘genome browser’’ tool in the Gaggle
project18 offers an easy-to-learn software solution for genomic visualization
of microarray data. Once probe identifiers are associated with a chromo-
some number and chromosomal coordinates, microarray data can be visua-
lized with heatmaps, scatter plots, or line graphs on top of genome tracks
drawn from the UCSC genome browser. A note of caution for those who
usually use SGD as the source of genomic coordinates: the UCSC genome
browser draws from the October, 2003 assembly, while SGD has continued
to update the reference sequence. This means that there are slight incon-
sistencies between the genome coordinate systems in these two databases.
The SGD Genome Browser (GBrowse) offers a Web-based alternative19

which uses the current SGD coordinates.
16 http://bioconductor.org/packages/2.4/bioc/html/GOSemSim.html
17 http://www.cytoscape.org/
18 http://gaggle.systemsbiology.net/docs/geese/genomebrowser/
19 http://www.yeastgenome.org/cgi-bin/gbrowse/scgenome

http://bioconductor.org/packages/2.4/bioc/html/GOSemSim.html
http://www.cytoscape.org/
http://gaggle.systemsbiology.net/docs/geese/genomebrowser/
http://www.yeastgenome.org/cgi-bin/gbrowse/scgenome
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8. Managing Data

8.1. Data persistence and integrity

One important, and easily overlooked, consideration when setting up a new
microarray data analysis project in your lab is the best way to handle storage
of microarray data and analysis results. Individual image and data files can be
quite large, and data analysis pipelines typically produce a number of files
across several stages. Ultimately, published array data will be archived in a
public, off-site, MIAME-compliant database (see below), but how should
the data associated with moderate- or large-scale microarray projects be
handled within the lab?

One approach is to use a relational database to store array data and
provide a Web-based front-end for queries and data-submission (e.g., the
UCSF NOMAD20 project). These solutions allow a working group to store
array data in a centralized location, facilitating backups and maintenance.
Modern, open-source, relational databases such as MySQL21 are capable of
handling extremely large chunks of data, storing array images alongside data
tables (such as image analysis files, probe information, clustering results,
etc.), and provide efficient data querying facilities.

Often, however, it is more convenient to work with microarray data as
files on the local file system, rather than as tables stored in a relational
database. Moving data to and from a database for use in other software
packages can be cumbersome and confusing for those unfamiliar with these
technologies. In my own work I have settled a convenient solution that
works well for most types of projects: version control systems.

Version control systems such asCVS andSubversion22were originally dev-
eloped to facilitate software development projects involvingmany developers.
Using Subversion to manage your microarray data files is fairly simple: you
work with your microarray data files in a set of folders saved to your local
machine and then synchronize the state of these folders with a Subversions
server after eachmajor changeormanipulation.Version control systems such as
Subversion offer several facilities which are extremely useful in a microarray
data analysis project. Below we review some of these features, all of which
should be taken into consideration when choosing a data storage strategy for
you lab.
20 http://sourceforge.net/projects/ucsf-nomad/
21 http://www.mysql.com/
22 http://subversion.tigris.org/

http://sourceforge.net/projects/ucsf-nomad/
http://www.mysql.com/
http://subversion.tigris.org/
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8.1.1. Data replication
In Subversion parlance the files and folders you keep on your local machine
are a ‘‘working copy’’ of a ‘‘repository’’ kept on the server. You can make as
many working copies of your files on different computers as you need, each
of which can be kept synchronized with the central repository. The concept
here is similar to that of a fileserver, but Subversion is more useful in several
ways. First, theworking copy is actually a local copy of all of your files, so you
do not need to be connected to a network to access your data. Second, it is up
to you explicitly decide when you want commit local changes to the reposi-
tory. This allows you to organize sets of changes into logical transactions.
8.1.2. Multiuser support
Many people can work with the microarray data files simultaneously using
their own working copies of the archive. When users commit the changes
they have made locally back to the repository, Subversion detects conflicts
(cases where mutually exclusive changes have been made to a file) and offers
a rich set of tools that help you to merge changes into a new version of the
file. Subversion servers also allow you to setup user authentication (unique
user names and passwords for different member of you lab) and set read/
write permissions on different portions of the archive.
8.1.3. Transactions and logs
Subversions servers save changes to files in the repository instead of copies of
the files themselves. Each time you commit local changes in your working
copy to the server, a log entry is created tracking all of the changes that were
made. This means that it is possible to revert a working copy, or the central
repository itself, to any previous version of the archive. Inevitably, when
working on a data analysis project there will come a time when you are
unsure of whether or not you have performed an analysis with the intended
parameters or when you accidentally overwrite an important set of files.
The version control system makes solving these problems straightforward:
you can simply revert the repository to the last point in time when you
know it was in a sane state. Subversion allows you to save a text log entry
alongside every change to the contents of the repository. I have found this
to be an incredibly powerful way to keep a record of data analysis projects.
Log viewers are available which allow you to browse each of your log
entries alongside the associated changes to files in the repository.
8.1.4. Web-based access
The Subversion community has developed a mature Apache web server
module which makes it easy to ‘‘publish’’ your Subversion repository on the
Web. I have found this to be an extremely convenient way to share data
analysis files with off-site collaborators.
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There are a number of version control systems available, each with
slightly different performance characteristics and feature sets. Subversion is
a well rounded, open-source, cross-platform solution which I have found
works quite well for data analysis projects. Subversion is comprised of two
software components: a client that needs to be installed on each computer
where you want to make a ‘‘working copy’’ and a server that should be setup
on a machine with reliable internet connectivity and a regular backup
schedule. If you are using Linux, chances are quite good that both the
Subversion client and server are already installed. Installers and binary files
for other platforms, includingWindows andMac OSX, can be found on the
Subversion web site. For windows users I would highly recommend both
TortoiseSVN,23 which integrates Subversion client facilities into Windows
explorer, and VisualSVN24 which allows you to setup a Subversion server
and web server using a simple installer.
8.2. Public data repositories and MIAME compliance

Community standards, and many journal submission agreements, require
that microarray data presented in publications be submitted to public
databases. Before the development of centralized microarray data hosting
centers, many researchers posted microarray files on private lab web sites.
This solution is problematic for several reasons. First, Web URLs are not a
reliable resource: institutions often reorganize the URL structure of their
web sites and labs can change institutional affiliation. Second, the structure
and completeness of the available data can be extremely varied, making it
difficult for interested third parties to recreate the published analysis or use
the data in new studies.

In response to inconsistencies in data-sharing practices in the microarray
community, the Microarray Gene Expression Data Society25 (or MGED)
was formed to develop a standard describing the Minimal Information
About a Microarray Experiment, or MIAME (Brazma et al., 2001).
The MIAME standard takes on the daunting task of articulating a formal
set of data structures which describe a wide variety of different micro-
array experiments and platforms. Because of this, the standard itself is
extensive and relies on a relatively abstract nomenclature to remain platform
agnostic.

Fortunately there are a number of public, curated, MIAME-compliant
databases designed to guide experimenters through the data annotation
process. Three popular choices are:
23 http://tortoisesvn.tigris.org/
24 http://www.visualsvn.com/server/
25 http://www.mged.org/

http://tortoisesvn.tigris.org/
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GEO
 The Gene Expression Omnibus (GEO) (http://www.
ncbi.nlm.nih.gov/projects/geo/) project developed
and hosted at the NCBI is a free, full featured, database
maintained by a responsive curatorial staff. GEO
supports submission of a wide variety of gene
expression datasets, offers a user-friendly Web-based
submission system, and scales well to handle large
submissions. GEO supports timed public release of
datasets and the creation of private URLs which can be
provided in the peer-review process. Finally, datasets
stored in GEO are automatically searched when users
enter terms in the ‘‘all databases’’ search box on the
NCBI home page.
ArrayExpress
 ArrayExpress (http://www.ebi.ac.uk/microarray-as/ae/),
developed and hosted at the EBI, is similar to GEO in
scope and sophistication. There are some minor
differences between the two sites in the searching
facilities offered and the batch data upload file formats
that are supported.
SMD
 The Stanford Microarray Database (http://smd.stanford.
edu/index.shtml) offers several Web-based data
analysis packages not available from other repositories.
However, SMD charges a significant usage fee to labs
outside of Stanford University.
For projects with a small number of arrays, submitting data to GEO is as
simple as creating an account and following the Web-based guide to upload
data files and provide MIAME-compliant annotations. GEO submissions
are composed of three types of records:
Platform
 The platform record describes your microarray. This includes
annotations describing the array substrate, manufacturing
process, and probe sequences. If you are working with a
common commercial array platform there is a good chance
that a record has already been submitted for your array. If
this is the case, you do not need to create a duplicate entry;
you can simply skip this step and link your samples to the
preexisting platform record. It is useful to attach your
platform-specific probe/spot annotation table (GAL file,
CDF, etc.) as a supplementary file on these records.
Sample
 Sample records describe each hybridization event in your
microarray experiment. For single-sample designs you will
create one sample record for each individual array in your
(continued)
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26 http://www.ncbi
experiment. For competitive hybridization designs, you
will also create one sample record for each array in your
experiment, but in this case each sample record will actually
describe two biological samples. The sample record
combines annotations describing the origin and preparation
of the biological sample hybridized on the array, along
information about the hybridization conditions and data
acquisition procedure. If your data preprocessing scheme
involves a normalization step, it is common to provide the
results of this normalization in the data table associated with
each sample record. Attaching your platform-specific image
analysis results (GPR file, CEL, SPOT, etc.) as a
supplementary file will allow interested users to explore
alternative normalization and preprocessing approaches.
Each sample record points to a single platform record.

Series
 The series record describes your study and the relationships

among the associated sample records. This record is the
main entry point for users interested in your dataset. The
series record will allow you to describe the unique
experimental factors examined in your study and the
structure of your experimental replicates. Finally, the series
page provides users with a set of links which allow them to
download your data in a variety of formats.
Each series record points to one or more sample records.
All GEO submissions are reviewed by a curator before they are made
public. This ensures that the submitted data and annotations meet a set of
minimum standards.

If your microarray project involves a large number of arrays, it may be
too cumbersome and time consuming to manually submit data to GEO
through the Web-based forms. For these cases, GEO supports a number of
batch deposit formats. The simplest of these to use and understand is the
SOFT format. SOFT files are plain text files which associate annotations,
in header rows, with data, in tab-delimited tables. Each of the GEO record
types (Platform, Sample, and Series) can be described in a SOFT file and
each field that appears on the Web-based forms is given a corresponding
label for use in SOFT file header rows. These files are relatively easy
to produce with spreadsheet software or using simple scripts. Extensive
documentation is available on the GEO web site.26
.nlm.nih.gov/projects/geo/info/soft2.html
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