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INTRODUCTION

Deoxyribonucleic acid (DNA) microarray technology

provides tools for studying the expression levels of a

large number of distinct genes simultaneously.[1] The

technology is based on the hybridization of known DNA

segment on the array with an unknown labeled DNA or

ribonucleic acid (RNA) sample based on base-paring

rules. Gene expression levels are quantified from the

image of hybridized microarray excited by a laser scanner.

Signal intensities reflect the amount of transcript present

for the gene in the mRNA sample. A typical microarray

experiment data set includes expression levels of thou-

sands of genes in a number of experimental samples

(conditions). These samples may correspond to different

toxins or serial time points taken during a biological

process. The expression data can be summarized by a

matrix with rows representing genes and columns re-

presenting samples. This matrix is referred to as gene

expression matrix. Gene expression matrix can be ana-

lyzed by comparing expression profiles of an individual

gene (row) under various conditions or comparing ex-

pression profiles of sample (column) to understand their

similarities and differences and to find the relationships

among genes and samples condition.

Microarray experiment is a multistep process, where

each step is potentially a source of variation. Usually, raw

data generated from image analysis can not be directly

compared. Data need to be normalized in order to mini-

mize systematic biases so that biological differences can

be distinguished. Statistical analyses generally are of two

types. The first type of analysis involves identifications of

the genes that are differentially expressed among different

sample groups. The second type seeks to determine the

relationships between genes or gene clusters to identify

biological functions, or to predict specific biological out-

comes (or diseases) from the analysis of expression pat-

terns. Many statistical methods are used in the microarray

data processing and analysis. Microarray technology,

experimental design, normalization, significance testing,

and classification and prediction are discussed in the

following sections.

DNA MICROARRAY EXPERIMENT

Background

A gene consists of a segment of DNA. A DNA molecule

is a double-stranded polymer composed of four basic

molecular units called nucleotides. The expression of

genetic information stored in the DNA molecule occurs in

two stages: 1) transcription, during which DNA is trans-

cribed into mRNA (messenger RNA), a single-stranded

complementary copy of the base sequence in the DNA

molecule; 2) translation, during which mRNA is trans-

lated into protein, which are action molecules of the cell

responsible for nearly all cellular processes. The majority

of genes are expressed as the protein they encode.

Although regulation of protein synthesis is not solely

controlled by mRNA levels, the changes in protein abun-

dance are determined in part by changes in the levels of

mRNA. By measuring transcription levels of genes in

organism under various conditions, at different devel-

opmental stages and different tissues, one can characterize

the dynamic function of each gene in the genome. DNA

microarray is a device for measuring transcription abun-

dance of a large number of genes simultaneously under

experimental conditions. This section describes two types

of DNA microarray: complementary DNA (cDNA)-based

and oligonucleotide-based arrays.

cDNA Microarray

There are, mainly, two platforms for cDNA microarray:

nylon membrane filter arrays and chemically coated

glass arrays. The nylon membrane arrays are suited for

radioactivity labeling, while glass only supports fluor-

escence-based detection. A cDNA microarray consists of

thousands of single-stranded known DNA fragments

attached at fixed spots by a robotic arrayer. The known

DNA fragments are selected from a cDNA library

prepared from reverse transcription of mRNA from

various tissues and organisms. Ideally, each gene

fragment should represent a unique gene or alternative

Encyclopedia of Biopharmaceutical Statistics 599

DOI: 10.1081/E-EBS 120018493

Copyright D 2003 by Marcel Dekker, Inc. All rights reserved.

M



splice variant. There are rat, mouse, and human arrays

commercially available. Also, tissue-specific arrays can

be constructed from a cDNA library extracted from

the tissue.

In the experiment, the mRNA extracted from the tissue

cell under study is purified, reverse transcribed into

cDNA target, and labeled with radioactive markers or

with green or red fluorescent dyes. Labeled cDNA hybrid-

izes to the spots containing complementary sequence

probes on the array based on base-paring rules. After

hybridization, the radioactive or fluorescent signal inten-

sities are imaged using a phosphorimager or laser scanner,

respectively. One intensity is measured on each spot for

the radiation-labeled array (one-channel array) while two

intensities are measured on each spot for the fluorescence

dye-labeled array (two-channel array). In both cases, the

intensities are surrogates for the expression levels of

genes in the sample under study. In this entry, the pre-

sentation is primarily for the two-channel array; however,

the methods and procedures generally are applicable to

the one-channel array.

The process of transforming the fluorescence intensity

of each spot into a measure of transcript abundance is

referred to as image analysis. In addition, image analysis

includes evaluation of the quality of the quantified spot

intensities and flags unreliable spots or arrays. Image

analysis can be separated into three steps: 1) image ac-

quisition, 2) spot location, and 3) intensity extraction.

First, the microarray is scanned to produce two images,

one for each channel. These images are stored as a 16-bit

tag image file format (TIFF) file (a digital record of fluo-

rescence intensities of pixels for the array), representing

a number between 0 and 216� 1. As soon as the image

has been captured, the next step is to locate each spot on

the array. This can be performed automatically by the

image analysis software. The image analysis software

must segment the pixels as foreground (feature) or back-

ground. Once the foreground pixels and background

pixels have been identified, the spot intensities are cal-

culated using the mean (or median) intensity of all fore-

ground pixels subtracting the mean (or median) intensity

of the background pixels. The adjusted intensities are

the primary data for subsequent analyses. The back-

ground-corrected intensity may be negative for some

spots. Fig. 1 depicts the scheme of a two-channel micro-

array experiment.

Oligonucleotide Microarray

The oligonucleotide array technology was introduced by

Lockhart et al.[2] and Lipschutz et al.,[3] and is commonly

known as Affymetrix GeneChipTM (Santa Clara, CA). This

technology does not use gene fragments extracted from a

sequenced cDNA library as in cDNA microarray. Typi-

cally, each gene will be represented by 16–20 pairs of

oligonucleotides referred to as probe sets. Each probe pair

consists of 25 base sequences. One is perfectly comple-

mentary to a portion of a given transcript referred to as a

perfect match (PM) probe. Each PM probe is paired with a

mismatch (MM) probe that is created by changing the

middle (13th) base pair to control possibility of cross-

hybridization. RNA samples are prepared, labeled with

array. Arrays are scanned, and images are produced to

obtain an intensity for each probe. These intensities indi-

cate how much hybridization occurred for each oligonu-

Fig. 1 Two-channel DNA microarray experiment.
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cleotide probe. The level of expression of each gene is

calculated as an ‘‘average’’ of the difference between PM

and MM, via a procedure provided by Affymetrix through

their scanning software.

The Affymetrix arrays are constructed on a silicon chip

by photolithography and combinatorial chemistry. The

target labeling is performed using amplified RNA rather

than cDNA. Hybridization to the array is noncompetitive

(only a single sample is applied to each chip), and is detec-

ted by addition of a fluorescently labeled streptavidin

compound that binds to the biotin group in the aRNA

molecules.[4]

cDNA methods are more flexible in design. Research-

ers have control over the probe content on the array. It can

be applied to any organism. The hybridization is based on

over a thousand bases rather than 25 bases, thus reducing

the chance of cross-hybridization artifacts. In contrast,

oligonucleotide arrays can accommodate the genes not

represented in cDNA library. It has lower variability from

chip to chip, and can be used by researchers for data

comparison across research groups.

Recently, a hybrid technology consisting of 50- to 80-

mer oligonucleotides representing each gene was intro-

duced. This technology combines the uniformity of

GeneChipTM with the specificity of cDNA microarray.

That is, the length of sequence is optimized to minimize

cross-hybridization compared to shorter-length probes.

Also, the oligo-array has higher sensitivity compared to

cDNA probes.

EXPERIMENTAL DESIGN

Variability, Replication,
and Experimental Unit

Microarray experiment is generally a comparative experi-

ment, in which the experiment of interest is the

comparison of the relative expression levels among the

samples rather than the determination of absolute intensity

measures of each sample. Furthermore, the underlying

principle of a two-channel experiment is competitive

hybridization between two samples. The measured in-

tensities reflect relative abundances of the two samples.

Data generated are inherently comparative. In a one-

channel experiment, the intensity is an absolute measure of

gene expression; however, this measure should not be

regarded as the precise measure of transcript abundance.

Inferences are made about the expression levels for a gene

in different samples but not about the level of expression

of one gene in relation to other genes.

Biological experimental data are inherently variable.

Variability in gene expression measurements can be clas-

sified according to the source. Processes and biological

variations are two general sources of variation. Biological

variation refers to the variations from different RNA

sources. Process variation refers to the variation arise

from the use of microarray system. This variability is

independent of the RNA source. Experimental design

methods are used to identify and minimize experimental

variations and provide sound statistical inference. The

basic principles of experimental design are randomiza-

tion, blocking, and replication. Replication is essential in

the experimental design. Yang and Speed[5] described two

types of replications: technical replicates and biological

replicates. Technical replicate refers to replication in

which the mRNA is from the same pool (the same ex-

traction). The term biological replicates refers to hybri-

dizations that involve mRNA from different extractions.

If the mRNA is labeled separately and comes from

different extractions, then the sample can be regarded as

independent biological samples. The experimental units

are the biological samples. The use of biological repli-

cates allows the generalization of experimental results

from sample to population.

Experimental design for one-channel microarray ex-

periments such as Affymetrix oligonucleotide or nylon

membrane array experiment is similar to clinical trials or

other biological experiments. The same principle used in

the biomedical experiment can be applied to microarray

experiments. For example, the biological samples (experi-

mental units) should be randomized to a treatment using a

predetermined scheme. Blocking can be used to increase

the precision of estimates. (A block is a subset of

experimental units that are more homogeneous than the

entire experiment itself.) In the two-channel experiment,

two samples are labeled differently for competitive

hybridization. One important design issue is to determine

which samples are to be labeled with a corresponding

fluor, and which are to be hybridized together in the same

array. In addition, there can be constraints on the num-

ber of slides, the amount of RNA available, or cost

considerations.[5]

Types of cDNA Experimental Design

The choice of experimental design does not only depend

on the number of different samples to be compared, but

also on the aim at the comparisons of interest. The

simplest microarray experiment is intended to study the

changes in gene expression levels between a control and a

treated sample. Each microarray in the experiment is

probed with two cDNA samples. The expression levels of

the two samples can be compared for each gene in an

array. In practice, however, the expression levels from

the two measurements are not directly comparable be-

cause of dye effects. One dye may be consistently brighter

than the other because of different labeling efficiencies, or

different scanning sensitivities in the two dyes. Fig. 2[6] is

a density plot (in log based-2 scale) of a same–same
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(control vs. control) array. That is, two control samples

are labeled separately, one with Cy5 (red dye) and one

with Cy3 (green dye). Also, the upper half and lower half

of the array are duplicate. In Fig. 2, the solid lines

represent the genes from the upper half, and the dotted

lines represent the lower half. The dark and light curves

represent the red and green fluorescent readings, respect-

ively. The plots show that there were systemic location

effect differences in dye intensity across the individual

DNA probes. (The left tail from the low intensity spots

represents the empty genes.)

To adjust for dye biases, the so-called dye-swap design

with two arrays is often used. On array 1, the control

sample is assigned to the green dye, and the treated sample

is assigned to the red dye; the dye assignments are reversed

on array 2. Dye-swap design is a loop design (described

below) for the experiment with a control and a treatment

study. This design is useful to reduce dye biases, but it is

unlikely to eliminate the bias in every spot of every array.

Dye bias and variation can be reduced via the normaliza-

tion method (see the section ‘‘Normalization’’).

Many experiments involve more than one treatment

sample. Each experiment will have its own study objec-

tives. Some studies may be interested in the comparisons

of differences in the expression profiles among different

toxins or different cell lines. In other studies, different

samples may come from different time points or different

dose levels. The main objectives of these two types of

studies can be different. Kerr and Churchill[7] described

the two designs for a single factor study: (augmented)

reference design and loop design.

Reference design

In the reference design, all samples of interest (control

and treatments) are hybridized on different arrays labeled

with the same color dye, while a reference sample labeled

with the other color dye is used on every array to hybri-

dize with either a control or a treatment sample. One can

denote a dye assignment in which the first sample is

labeled with red and the second sample labeled with green

as R/G. A reference design for an experiment with four

groups—T0, T1, T2, and T3—can be expressed as [T0/

Ref, T1/Ref, T2/Ref, T3/Ref]. The reference sample (Ref)

can be the same as the control sample (T0) or a universal

reference sample. This design has several advantages.

The experiment is easy to conduct. The relative expres-

sion levels of the treated to control can be directly com-

puted as observed responses. Because array consists of

one measurement of relative change of the sample to a

common reference for each gene, statistical methods are

readily applicable. In this design, treatment effects are

confounded with dye effects. It assumes there are no

treatment� dye interaction effects.

Reference design can be inefficient because fully

half of the data are dedicated to an extraneous sam-

ple. This type of design is an indirect comparison in

which the reference sample serves as an intermediate

between two treatments. Suppose the variance of a

single log comparison log(Ti/Ref) is s2, then the va-

riance of the comparison log (Ti/Tj) = log(Ti/Ref)�
log(Tj/Ref) is 2s2.

Loop design

In the loop design, the control and each treated group are

labeled once with the red and once with the green. A

loop design for the four groups—T0, T1, T2, and T3—

can be [T0/T1, T1/T2, T2/T3, T3/T0] or [T1/T0, T2/T1,

T3/T2, T0/T3]. The loop design uses the same number of

arrays as a reference design does, but it collects more

information on the treatments. The loop design compares

two adjacent treatments directly. The variance between

two groups hybridized in the same array log Ti/T(i + 1) is

s2 (but with only one array). Yang and Speed[5] provided

Fig. 2 Density plot of a same–same array.
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more details on the variance of reference design and loop

design, and the time-course experiments and multifac-

torial designs.

Sample size

Before conducting a microarray experiment, one import-

ant issue that needs to be resolved is the number of arrays

required to carry out a statistically interpretable result for

the experiment. Lee et al.[8] suggested three replicates in

view of the noise-to-signal ratio. Black and Doerge[9] pro-

posed an approach using the lognormal and gamma model

to determine sample size, while Pan et al.[10] proposed

using normal mixture model normal. These approaches

require modeling of the distribution of genes, and they do

not consider gene-specific variances in expression.

Calculation of the number of arrays needed in a

microarray experiment is similar to the sample size and

power calculations in clinical trials or other experiments.

However, microarray experiments involve hundreds or

thousands of genes, and only a fraction of genes is ex-

pected to be expressed differentially. For genes that are

affected by a treatment, the effect size can be different for

various genes in the study. To estimate the number of

arrays needed, the primary scientific aim of the expe-

riment needs to be stated. Here, sample size estimation

focuses on the identification of differentially expressed

genes in a control and a treatment group comparison in

the framework of hypothesis testing. Analysis is based on

the one-sample or the two-sample t-test, one gene at a

time. The problem is formulated as identification of at

least 100l% of truly altered genes at a 1�b power at the

given type I error rate and effect size.

For a given significance level a, the power of a two-

sample t-test[11] for gene i is

1 � bi ¼ Ft

ffiffiffiffiffiffiffiffiffiffiffi
ðr=2Þ

p
Di � ta=2

h i
ð1Þ

where Di is the effective size (the desired change between

the altered and unaltered gene to detect) and Ft is the

cumulative t2r � 2 distribution (Student’s t-distribution

with 2r� 2 degrees of freedom) and ta/2 is the 100(a/2)

percentile of the t2r � 2 distribution. The sample size

needed in each group is

r ¼ 2ðta=2 � t1�bi
Þ2=D2

i;2

The power and the sample size given above is for the ith

gene with the effect size Di, i = 1,. . .,g. In practice, only

a fraction of the genes will be affected by a treatment in

the experiment. The problem is formulated as the number

of arrays needed to detect at least 100l% of the truly

altered genes at the desired power 1�b, where l is a

prespecified fraction, 0 < l�1. The method described

below assumes an equal effect size for all altered genes,

and the effect size is standardized by its standard

deviation. Let us denote the power for identifying an

altered gene as g ( = 1�bi). Let k denote the number of

truly altered genes, and the notation t = b is the largest

integer less than t. The power for identifying at least

kl+ 1 = b altered gene can be computed by summing the

binomial probabilities:

1 � b ¼
Xk

l ¼ b

k!

l!ðk � lÞ! g
lð1 � gÞk�l

Given k, l, and b, the g can be estimated by solving the

above equation. Thus the sample size is calculated by

substituting g into 1�bi in Eq. 1 so as to achieve the

objective of an overall 1�b power level and identify at

least 100l% truly altered genes. The number of array

needed is

r ¼ 2ðta=2 � tgÞ2=D2
i

The power and the sample size for a one-sample t-test

can be similarly obtained. The power for the one-sample

t-test is

1 � bi ¼ Ft

ffiffi
r

p
Di � ta=2

� �
ð2Þ

where Ft is the cumulative t-distribution with (r� 1)

degrees of freedom. The sample size estimate is

r ¼ ðta=2 � tgÞ2=D2
i

NORMALIZATION

As discussed, there are many sources of variation in the

measured intensity levels. Normalization of the expres-

sion data should be performed prior to statistical analysis.

The purpose of normalization is to identify and adjust

process variations (e.g., amount of RNA preparation for

each sample, different labeling efficiencies and scanning

properties of the dyes, print-tip, or spatial effects). Nor-

malization can be regarded as a preprocessing step or a

transformation before the data analysis. Normalization

strategies depend on the experimental design and the data

collection process. The primary consideration is to deter-

mine the (sub)set of genes for use as the baseline for a

normalization method. That is, normalization can be

based on either entire set of genes or certain subset of

genes, such as housing keeping genes that are not regarded

to change the expression level under the experimental

condition or some added set of control genes. Various

normalization methods have been proposed.[6,12–19]

Two assumptions are commonly made on normalization:

1) most genes do not change their expression level;
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2) the total intensity across all spots in the array should

be the same. The global normalization method uses all

genes on the array for adjustment; it uses the mean or

median as the normalization factor based on the two

assumptions. For each array, the data are normalized by

dividing individual gene intensity by the mean or median

intensity of the array. However, the global mean/median

normalization method fails to account for spatial- and

intensity-dependent biases that have been observed in

many experiments.

Two known statistical methods proposed for normal-

ization are: the analysis of variance (ANOVA) mo-

del[14,15] and the scatter-plot smoother ‘‘lowess’’ fit.[19]

Although both procedures consider two-channel fluor-

escence array, they can be applied to one-channel data

with modifications. The ANOVA procedure[15] recom-

mends modeling the logs of individual red and green

intensities. The ANOVA model uses mean estimates to

perform global adjustments for array, dye, treatment, gene

effects, and their appropriate interactions simultaneously.

However, as in the case of global normalization, the

ANOVA method is a constant adjustment, with respect to

specific effects such as dye biases. Alternatively, the low-

ess fit[19] uses local regression to account for intensity- and

spatial-dependent dye biases. The lowess fit is a scatter-

plot smoother that performs robust locally linear fits. Yang

et al.[19] recommended performing an array-by-array

normalization on the log-ratios instead of the log-ratio of

two intensities. Unlike the ANOVA approach, this lowess

approach fits different lowess cures for different arrays.

These two procedures can be formulated by a generalized

additive model[20] (shown below). This entry does not

address location-specific (e.g., print-tip) effects. They are

discussed in detail by Yang et al.[19] and Chen et al.[6]

Generalized Additive Model

Consider a two-channel microarray experiment. Let yijks

denote the base-2 logarithm of the (background corrected)

intensity measurements for the ith gene (i = 1, . . . , g) in

the jth treatment (j = 1, . . ., t) for the kth dye (k = 1, 2)

on the sth array (s = 1, . . ., a). Let us assume that the

three-factor interaction is negligible. Consider the stand-

ard linear model,[14]

yijks ¼ m þ Gi þ Tj þ Dk þ As þ ðGDÞik þ ðGAÞis

þðTDÞjk þ ðDAÞks þ ðGTÞij þ �ijks

The interaction of genes and treatments (Gene�Trt)ij,

which captures the expression of the gene i specifically

attributable to the treatment j, is the effect of interest.

The treatment effect Tj is typically nested within the

interaction of dye and array effects (DA)ks. In the

ANOVA model, the parameters are conventionally

estimated in terms of cell means under the normal model.

The normalized data from the estimates of the interaction

(Gene�Trt) are analyzed as raw data using statistical

methods such as parametric or bootstrap methods. The

ANOVA procedure can be regarded as a normalization by

adjusting several factors simultaneously.

The ANOVA model can be decomposed into two

submodels

yijks ¼ fksðGi;Dk;AsÞ þ ½Tj þ ðTDÞjk þ ðGTÞij
 þ �ijks

The first submodel is a regression model fks(Gi,Dk,As)

consisting gene, dye, and array-related effects. The second

submodel includes the remaining effects. This model can

be estimated by a two-step procedure.

The first step involves fitting a smooth function for

fks(Gi, Dk, As) to account for the nonlinear effects of gene,

dye, array, and interaction factors. Let us denote

ȳi.k. = Sj,syijks = Sj,s and ȳi..s = Sj,kyijks = Sj,k. A gen-

eralized additive model describing gene-specific array and

dye effects is

fksðGi;Dk;AsÞ ¼ aks þ fsð�yi::sÞ þ fkð�yi:k:Þ þ �ijks

where E{ fs(ȳi..s)} = E{fk(ȳi.k.)} = E(ijk) = 0. This

model does not fit any interaction effect among genes,

arrays, and dyes. It can be estimated using a suitable ro-

bust scatterplot smoother, for example, the lowess meth-

od of Cleveland[21] used by Yang et al.[19] Let us denote

the fitted regression function as ŷijks = f̂ ks(Gi, Dk, As).

The second step is to apply the linear ANOVA model in

estimating the remaining effects including the interaction

(GT )ij from the residuals,

yijks � ŷijks ¼ Tj þ ðTDÞjk þ ðGTÞij þ �0ijks

Let us denote the gene by treatment interaction estimates

as rij ¼ cGTij. The rij’s are the normalized data and can

be treated as raw data in data analysis. For example,

treatment effects can be analyzed by the gene-specific

ANOVA model

rij ¼ m þ Tj þ eij

That is, the normalized data are analyzed one gene at a

time. Because the distribution of the residuals (normal-

ized data) is typically not normal, nonparametric

approaches such as randomization tests or bootstrap

procedures are recommended for subsequent analyses.

The generalized additive model consists of two com-

ponents: an array-specific function fs(ȳi..s) and a dye effect

function fk(ȳi.k.). It may not be necessary to adjust for both

array and dye effects in the application. The model for an

array-specific normalization is

yijks ¼ fsð�yi::sÞ þ �ijk

604 Microarray Gene Expression



The second step ANOVA model is

yijks � f̂ s ¼ ðGene � TrtÞij þ ðDyeÞk þ ðDye � ArrayÞks

þðGene � DyeÞks þ �0ijks

Normalization of Intensity Ratios

Consider a reference design that includes control, treat-

ment, and reference samples. The control and treatment

samples are labeled with the same color dye, and

reference samples are labeled with another color. The

experiment of interest is the control and treatment com-

parison. Let yijks be the log intensity from gene i, treat-

ment j, dye k, and replicates s, where j = 1,2,3 represent

control, treatment, and reference samples, respectively.

Consider the ANOVA model

yijks ¼ mþ Gi þ Tj þ Dk þ ðGTÞij þ ðGDÞik þ �ijks

This model has no array effect because every array can

be determined by a treatment and a replicate combina-

tion. The data can be analyzed in terms of the log-

ratios.[19] Let yijs’ = yij1s� yi32s for j = 1,2. The above

ANOVA model can be simplified as

y0ijs ¼ m þ Gi þ ½Tj þ ðGTÞij
 þ �ijs

Applying the generalized additive model, the first-step

model is

y0ijs ¼ f ð�y0i::Þ þ �ijs

where ȳi..’ = Sj,syijs’ /(ra). The second-step ANOVA

model is

y0ijs � f̂ ¼ Tj þ ðGTÞij þ �0ijs

In this analysis, only one lowess function f(ȳi..’) is fitted to

all data (there are ra arrays) in the first-step nor-

malization. One alternative is to fit the lowess function

fs(ȳi.s’ ), s = 1, . . ., ra. That is, there is one lowess

function for each array, which is the array-by-array

normalization procedure of Yang et al.[19] However, the

use of array-wise lowess normalization may oversmooth

treatment effects and bias test results.[20]

IDENTIFYING DIFFERENTIALLY
EXPRESSED GENES

The simplest microarray experiment is performed to

identify a subset of genes that are differentially expressed

between control and treated groups. In general, a gene is

said to be differentially expressed if the ratio in absolute

value of the expression levels between the treated group

to the control exceeds a certain threshold, e.g., 2-fold or 4-

fold change. This approach is deficient in some respects.

For example, the ratio at the lower levels can be more

diverse than that at the higher levels. More seriously, it

does not take into account the variability of the expression

levels and does not allow direct comparison of different

sources of variance.

Because of the lack of replications, the early statistical

approach for assessing differentially expressed genes is

based on modeling the distribution of entire gene sets in

the array. Chen et al.[12] assumed that the expression

levels are independently normally distributed with a

constant coefficient of variation. Other distributions such

as lognormal, gamma, or mixture models have also been

proposed.[9,12,22,23] Recently, statistical tests commonly

utilized for identifying differentially expressed genes

were analyzed using variants of t-test or ANOVA-test

statistics.[24–26]

Statistical Models

Let us denote the background-subtracted and normalized

intensity (in log based-2 scale) for control and treated

groups as Yijc and Yijt. A model with two sources of

variation for gene expression intensity[27] is

Yijc ¼ mic þ bic � Zijc þ �ijc

Yijt ¼ mit þ bit � Zijt þ �ijt

where (mic,mit) represents the paired true expression levels

for control and treated samples for spot (gene) i and

replicate j, i = 1, . . ., g and j = 1, . . ., r; bic and bit are

constant. The errors (Zijc, Zijt) and (�ijc, �ijt) are referred to

as the multiplicative error and additive error, respectively.

For each gene i and replicate j, the multiplicative error

(Zijc, Zijt) and the additive error (�ijc, �ijt) are assumed to be

independently and identically bivariate-normally distrib-

uted, ðZijc; ZijtÞ 
i:i:d:

Nð0;%Þ and ð�ijt; �ijtÞ i:i:d:Nð0;RÞ, where

% ¼
f2

c tfcft

tfcft f2
t

" #
and

R ¼
s2

c rscst

rscst s2
t

" #

The errors (Zijc, Zijt) and (�ijc, �ijt) are independent of one

another. The correlations t and r are zero for the one-

channel experiment. The distributions of Yijc and Yijt are

Yijc i:i:d: Nðmic; b2
icf

2
c þ s2

cÞ; and

Yijt i:i:d: Nðmit; b2
itf

2
t þ s2

t Þ
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The covariance between Yijc and Yijt is (bicbittfcft

+rscst).

The model given above is a fixed effect model. The

multiplicative errors can be used to model an array-spe-

cific (random) effects model by letting Zijc; ZijtÞ �
ðZjc; ZjtÞ 

i:i:d:
Nð0;%Þ. All genes on the same array have

the same variance. The covariance between the spots i1
and i2 on the same array ( j) for the control and treated

groups are Cov(Yi1jc, Yi2jc) = bi1cbi2cfc
2, and Cov(Yi1jt,

Yi2jt) = bi1tbi2tft
2, respectively. When bic = bit = 1,

it becomes a linear mixed effects model.[17]

Significance Testing

Let Ȳic and Ȳit denote the means of the r replicates in the

control and r replicates for the treatment, respectively;

similarly, sic
2 and sit

2 represent the sample variances.

Identification of differentially expressed genes between

the control and treatment groups can be carried out for

each gene by computing the two-sample t-statistic

ti;2 ¼ ð�Yic � �YitÞ=ŝi;2

where ŝ2
i;2 ¼ ½ðs2

icÞ=r þ s2
it=r
. Under the model of an equal

variance, the variance estimate is

ŝ2
i;2 ¼ ðr=2Þ½ðr � 1Þs2

ic þ ðr � 1Þs2
it
=ð2r � 2Þ

If there is no difference between the two groups, then ti,2
has a t-distribution with (2r� 2) degrees of freedom.

The comparison between the control and treatment

groups can also be tested by a one-sample t-statistic. Let

Tij = Yijc�Yijt and T̄i be the mean of Ti1,SSPI. . ., Ti,r. If

there is no difference between the two groups, then the

one-sample statistic

ti;1 ¼ ð�Yic � �YitÞ=ŝi;1

has a t-distribution with r� 1 degrees of freedom, where

ŝi;1 is the standard error estimate of T̄i. Both one-sample

and two-sample t-tests have been used for a two-group

comparison[24,26] under the assumption of an equal

variance. The one-sample t-test is a more powerful test

if the samples are correlated, such as two-channel data

from a dye-swap experiment.

Generally, the distribution of the normalized intensi-

ties is not normal. The permutation tests provide an

alternative method to determine the significance. The

principle of the permutation test is conceptually

straightforward. It first computes the empirical value of

the test statistic for the observed data, and then performs

all possible permutations under the null hypothesis and

computes the test statistic for each permutation. The

p-value of the test is calculated by summing the

probability of the observed outcome and the probabilities

of all outcomes with the test statistic values greater than

the observed value. Permutation tests do not require

assumption on the distributions; they are easy to

perform, using high-speed personal computers or work-

stations. However, when the number of replicates is

small (less than or equal to 5 for the two-sample test and

less than or equal to 4 for the one-sample test),

permutation test is not recommended.[28]

The p-value (equivalently, the t-value) represents the

order of evidences for differential expression. Because the

t-statistic is sensitive to small si (nearly constant ex-

pression genes), the penalized t-statistic can also be

proposed to ranking genes,[29,30]

ti ¼ ð�Yic � �YitÞ=ðŝi þ s0Þ

where s0 is the penalty factor. Tusher et al. chose s0 to

minimize the coefficient of variation of the absolute ti,

while Efron chose s0 to be the 90th percentile of ŝi. The

p-value of the penalized t-statistic can be computed either

by permutation or bootstrap method.

Multiple Hypothesis Testing

A microarray experiment often involves comparisons of

hundreds or thousands of genes. Because a large number

of genes is compared, the simple use of a significance test

without adjustment for multiple comparison artifacts

could lead to a large chance of false positive findings.

This issue is referred to as multiple hypotheses testing or

testing multiple endpoints. The familywise error rate

(FWE) and false discovery rate (FDR) approaches have

been proposed to control the false positive rates in the

analysis of gene expression data.[31–34]

Let us consider testing m null hypotheses (genes).

Assume that there are m0 true null hypotheses; the

remaining m�m0 nontrue null hypotheses may not be

from the same population. According to the true state

of nature, either the null or nonnull hypothesis is true.

The results from m tests can be summarized as a

(m�m0 + 1)� 2 table:

Declared

significant

Declared

nonsignificant Total

True null hypotheses V m0 � V m0

Nontrue null hypotheses

Hypothesis 1 U1 1 �U1 1

� � � �
Hypothesis (m�m0) U(m � m0)

1 �U(m � m0
) 1

Total R m� R m

The binary random variable Ul = 1 if the lth nontrue

hypothesis is rejected, and Ul = 0 if otherwise
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(1�l�m�m0). Comparison error rate (CWE) a is the

probability of rejecting a true null hypothesis. FWE is

the probability of rejecting at least one true null hypo-

thesis in a given family of hypothesis tests, Pr(V�1).

FDR is the expected proportion of errors among the re-

jected hypotheses

FDR ¼ EðV=R j R > 0ÞPrðR > 0Þ

Storey[34] defined a positive FDR as conditional on the

event that positive findings have occurred,

pFDR ¼ EðV=R j R > 0Þ

Another error measure is the conditional cFDR,

cFDR ¼ EðV=r j R ¼ rÞ

where r is the observed number of rejected null

hypotheses.

The Bonferroni technique is the most well-known

approach to controlling the FWE. If the number of true

hypotheses is m, then using the significance level of

a0 = m for the individual tests, we shall obtain an FWE

of less than or equal to a0. After rejecting the hypothesis

with the smallest p-value, the Holm[35] step-down

procedure can then be applied to the remaining hypo-

theses for further improvement of the power. Westfall and

Young[32] proposed the resampling method to compute

the distribution of the minimum of the p-value. The

resampling method is less conservative than the Bonfer-

roni method.

The controlling FWE approach could present a

problem in the analysis of microarray data, because this

procedure tends to screen out all but a handful of genes

that show extreme differential expressions. Instead of

controlling the FWE, the investigator might be more

interested in identifying all potential genes that are

differentially expressed, even if some genes are falsely

identified. Investigators often perform further tests, such

as reverse transcription polymerase chain reaction (RT-

PCR) or Northern blots, to validate the positive results.

Benjamini and Hochberg[33] proposed controlling the

FDR as an alternative to controlling the FWE. When the

number of true hypotheses is not m, the FDR is smaller or

equal to FWE. This implies that if a procedure controls

the FWE, then it controls the FDR as well. Tusher et al.[29]

proposed a significance analysis of microarray (SAM)

method to estimate an FDR, instead of controlling FDR,

by data permutations. Storey[34] proposed a method to

estimate both FDR and pFDR. The FDR and pFDR

methods are available in the SAM software (http://

otl.standford.edu).

CLUSTER ANALYSIS
AND PATTERN RECOGNITION

One important goal in the analysis of gene expression data

is to determine the relationships between genes or gene

clusters for identifying biological functions or predicting

specific biological outcomes (or diseases) from the anal-

ysis of expression patterns. Clustering and visualization

methods have been developed and applied to organizing

gene expression data by grouping genes with similar

patterns of expression. Usually, genes with previously

unknown functions are simply annotated with functions of

the known genes in the same cluster because they share

similar expression profiles across different experimental

conditions. Genes expressed with similar patterns may be

coregulated by common upstream regulatory motifs or

may belong to the same biochemical pathways. A cluster

of unknown genes with homogeneous expression profiles

may indicate the discovery of a novel function group.

Before any clustering and visualization procedures can

be applied to the gene expression matrix, careful

extraction of array images and appropriate normalization

of system variations are necessary. A screening (data

filtering) procedure is often applied in selecting a subset

of genes that satisfy certain criteria of expression patterns

across all arrays (treatments) for further statistical

analyses. A commonly used criterion is to include genes

with the expression jlog2 Trt/Refj�1 in at least some

experimental conditions. Minimum variation (standard

deviation or range) criteria are also frequently applied.

The screening process is needed for reducing the number

of genes from tens of thousands to thousands or hundreds

for clearer visualization, faster computation, and better

interpretation. In addition to array normalization and

centering, individual gene normalization is often used to

scale the relative magnitude of a gene’s expression profile

(vector) to one. Gene normalization do not only prevent

clustering procedures from being dominated by genes

with extreme expression patterns; they also prevent vi-

sualizations from losing color resolution.

In this section, a gene expression time course data set

from a serum stimulation of primary human fibroblasts[36]

is adopted to illustrate concepts of statistical visualization

and clustering tools in gene expression analyses. The

experiment used cDNA arrays with 9800 spots, represent-

ing approximately 8600 distinct human transcripts.

Briefly, fibroblasts were grown in culture and sera were

derived for 48 hr. Serum was added back and samples

were taken during various periods: at the start (designated

as 0), 15 min, 30 min, 1 hr, 2 hr, 3 hr, 4 hr, 8hr, 12 hr, 16

hr, 20 hr, and 24 hr (with one array for each of these 12

samples). Genes were selected for their analysis if the

expression level deviated from time 0 by at least a factor

of 3.0 in at least 2 time points. The selection resulted in a
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gene expression matrix of size 517 (genes)� 12 (arrays).

A further randomly selected subset of 100 genes is used

in the illustration.

Gene Expression Matrix Map
with Hierarchical Clustering

The most frequently used visualization tool for gene

expression profiles is the gene expression matrix map.

There are many synonyms for gene expression matrix

map in the literature. Wen et al.[36] made one of the

earliest applications of matrix map to gene expression

data, and Eisen et al.[37] laid down the fundamentals of

cluster analysis of gene expression patterns with matrix

map. Numerical data matrix of gene expression intensities

(single channel) or log ratios (two channel) are projected

through properly chosen single directional (single chan-

nel) gray spectrum or bidirectional (two-channel) gray

scales. Fig. 3a is the log ratio (base 2) gene expression

matrix with the 100 randomly selected genes on 12 time

course arrays. A green–black–red spectrum is used to

represent negative–zero–positive log ratio values with

brighter (darker) colors representing extreme (mild) dif-

ferentially expressed gene-array combinations. The 100

row color strips represent 100 gene expression profiles

that are randomly permuted, while the order of 12 column

strips representing 12 arrays remain intact to depict the

time course nature of the experiments. Very little infor-

mation can be visually extracted from Fig. 3a because

rows (genes) are randomly permuted. It is necessary to

rearrange the 100 rows to satisfy the concept of rela-

tivity,[38] such that genes with similar (different) expres-

sion profiles are placed in closer (distant) rows before any

interesting pattern can be summarized from this expres-

sion matrix map.

The most commonly used permutation mechanism for

rearranging row orders (gene) and column order (array)

in an expression matrix map is a hierarchical clustering

tree with a binary dendrogram representing the associa-

tion structure of pair-wised genes or arrays. A proximity

(similarity or distance) matrix, such as correlation matrix,

is first generated. Fig. 3b is the Pearson correlation matrix

of the 100 gene expression profiles with a blue–white–

red bidirectional spectrum representing the negative–

zero–positive correlation coefficients. A similarity prox-

imity matrix is usually converted into a distance matrix

before the dendrogram for that matrix is constructed. The

second step is to identity the pair of genes with the

smallest distance and to group them with a link. Distances

between the newly formed group with the rest of the 98

genes are computed resulting in a new proximity matrix

of size 99� 99. The algorithm proceeds in a recursive

manner to build the tree structure step by step, with one

less cluster member at each step. The final tree ar-

chitecture is displayed as the left panel of Fig. 3c. The

relative positions of terminal leaves in this tree form a

linear order of the 100 genes, which is used to sort the

randomly arranged input correlation matrix map into the

structured matrix in the middle panel. The randomly

ordered gene expression map in Fig. 3a is rearranged into

the right panel of Fig. 3c.

There is a possible flip associated with every inter-

mediate node in the tree architecture. A tree with 100

genes has 99 intermediate nodes with 299 possible flip

combinations and 299 different permutations in rearran-

ging the gene orders. External and internal references can

Fig. 3 Gene expression matrix map with hierarchical clustering of 100 randomly selected genes from a time course data set with serum

stimulation of primary human fibroblasts.[37] (a) Gene expression matrix map for the 100 genes on 12 time points (arrays) with a green-

black-red color spectrum; (b) correlation matrix map for the 100 genes with a blue-white-red color spectrum; (c) hierarchical clustering

tree with sorted expression matrix map and correlation matrix map.
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be applied to these flips, such that certain criteria may be

satisfied.[39,40] Chen[38] proposed a GAP (Generalized

Association Plot) algorithm for identifying more global

and smoother clustering patterns. Variants of hierarchical

clustering algorithms have been developed, according to

the direction (agglomerative vs. divisive) of trees that are

constructed and the way new distances are computed

(single linkage, complete linkage, average linkage,

centroid method, and Ward’s method). Sokal and

Sneath[41] describe methodologies for constructing hier-

archical clustering trees and nonhierarchical clustering

algorithms in details.

Nonhierarchical Clustering

K-means[42] and self-organizing maps (SOM)[43,44] are

the two most commonly used nonhierarchical clustering

algorithms in gene expression pattern analysis. In the

nonhierarchical clustering procedure, genes are divided

into k (k1� k2 for SOM) partitions or groups, with each

partition representing a cluster of genes. Therefore as

opposed to the hierarchical clustering, the number of

clusters must be known (decided) a priori.

In K-means clustering, the user first specifies k initial

cluster centroids or seeds. The proximities (similarity or

distance) from each gene to all k centroids are calculated.

Each gene is then assigned to the closest cluster

(centroid). The k new centroids are formed with new

cluster members, and the genes are reallocated to one of

the new k clusters. This iterative process stops if there is

no reallocation of genes, or if the reassignment satisfies

the criteria set by the stopping rule. Variants of K-means

algorithms differ with respect to: 1) the method used for

obtaining initial cluster centroids or seeds; 2) the rule used

for reassigning genes; and 3) the proximity for computing

the closeness between each gene and every centroid.

Because K-means method outputs only the cluster

memberships for all genes, this membership information

is usually displayed in colors or symbols (Fig. 4a with

k = 5).

The SOM method combines the features of dimen-

sion reduction in multidimensional scaling (MDS) and

Fig. 4 K-means clustering and self-organizing maps (SOM) with multidimensional scaling (MDS) and principal component analysis

(PCA) for the time course data set with 100 genes. (a) K-means (k = 5) clustering with cluster membership by symbols; (b) SOM with a

3� 3 grid structure, expression profiles for genes grouped at each grid point are displayed as box-plots with cluster membership by

symbols; (c) MDS with K-means membership symbols; (d) PCA with SOM membership symbols.
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prespecified number of clusters in K-means. The goal is

to represent genes in the original high-dimensional input

expression space by grid points in a low-dimensional

output space. Commercial packages usually limit the

output space to a one-dimensional grid line or two-

dimensional grid net for visualization purpose. Similar to

K-means algorithm, these grid points are projected to the

original high-dimensional input space as centroids for the

gene expression profiles to be iteratively assigned to a

cluster membership. The computation of cluster mem-

bership is confined to the grid structure in the low-

dimensional output space. Final cluster membership is

displayed using the output space grid structure. Gene

expression profiles for genes belonging to each grid point

are displayed as a multivariate statistical plot at the

relative grid location. Commonly used statistical plots

include parallel coordinate plot, side-by-side box-plots,

and gene expression matrix map. An SOM analysis with a

two-dimensional 3� 3 grid and box-plots for the 100

randomly selected genes is illustrated in Fig. 4b.

Simulation studies have shown that K-mean algorithms

and other nonhierarchical clustering algorithms perform

poorly when random initial seeds are used. Their

performance is improved when the results from hierarch-

ical methods are used to form the initial partition.[45] In

other words, hierarchical and nonhierarchical techniques

should be applied as complementary clustering techni-

ques, rather than as competing techniques. The k-means

or SOM output membership information can be used in

dimension reduction plots, principal component ana-

lysis (PCA), or MDS (to be shown in the subsection

‘‘Dimension Reduction Analysis and Visualization’’).

Parallel to the applications of unsupervised clustering

algorithms in exploring gene expression profiles for

annotating genes with novel functions, several supervised

discriminant algorithms have been adopted for classifica-

tion of cancer subtypes and gene functions. These algo-

rithms have found applications in the following: Golub et

al.[46] applied a neighborhood analysis for selecting genes

that had strong discriminating power in separating acute

myeloid leukemia (AML) and acute lymphoblastic

leukemia (ALL) patients; Brown et al.[47] compared the

effectiveness of gene function prediction of support vec-

tor machines (SVM)[48,49] to Fisher’s linear discriminant

analysis,[50] nonparametric kernel classification,[51] and

decision tree learner;[52] Yeang et al.[53] compared various

classification algorithms for the classification of multiple

tumor types using gene expression profiles.

Dimension Reduction
Analysis and Visualization

There are two major statistical techniques for simulta-

neously visualizing thousands of gene expression profiles

in a single display—dimension reduction visualization

and dimension-free visualization. Because of its high-

dimensional nature, dimension reduction techniques such

as PCA[54,55] and MDS[56,57] are often applied to gene

expression matrices for projecting the original high-

dimensional structure onto a lower dimensional space

(usually two or three) for visualizing and computational

purposes. Dimension reduction visualization is often

adopted for presenting gene grouping structure for

methods such as K-means and SOM.

For a given gene expression matrix X of size g (genes)

by a (arrays), PCA performs an eigenvalue decomposition

of the a� a covariance matrix S = X’X/g as Svk = lvk,

where vk’s are the eigenvector of S with eigenvalue

lk, k = 1,. . .,a. The PCA summarizes the dispersion of

gene expression profiles as data cloud in a small number

of major axes (principal components) of variation among

the arrays. Alter et al.[54] named these major axes as the

eigenarrays of the original expression matrix. They

normalized the arrays by filtering out the eigenarrays

that were inferred to represent noise or experimental

artifacts. Hastie et al.[58] recursively applied the PCA to

gene expression matrices for identifying subsets of genes

with coherent expression patterns and large variation

across conditions. Fig. 4d is the plot of the first two

principal components of the 100 by 12 gene expression

profiles with colors correspond to gene clusters identified

by the SOM analysis in Fig. 4b.

Given a set of n genes (or n arrays), among which the

associations are to be studied, MDS first computes

proximity (distance or similarity measurement) for all

pairs of objects (genes or arrays) as drs, 1� r, s� n. MDS

then converts the input proximities into disparities d̂rs,

1� r, s� n with a transformation function f. The function

f can be the identity function if proximity drs itself is a

Euclidean distance. MDS finally represents objects as

points in a Euclidean space, so that the perceived

distances drs between points can reflect proximities drs

between objects. For visualization purposes, the dimen-

sion of the projected space is usually kept as low as

possible. Thus it is unavoidable that part of the in-

formation in the original proximity matrix of similarity

(or dissimilarity) will be lost in the MDS configuration

plot. Kruskal[59] proposed a scheme for measuring how

much a lower-dimensional geometrical representation

falls short of a PM. This measure, called STandardized

REsidual Sum of Squares (STRESS), is defined as

STRESS ¼

P
r

P
s

ðdðqÞ
rs � d̂

ðqÞ
rs Þ2

P
r

P
s

ðdðqÞ
rs Þ2

8>><>>:
9>>=>>;

1=2

where q (usually 2 or 3) is the dimension of the solu-

tion space. A two-dimensional MDS configuration plot
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using the Pearson correlation matrix of the 100 gene

expression profiles is displayed in Fig. 4c, with colors

corresponding to gene clusters identified by the K-means

analysis in Fig. 4a.

Gene Network Modeling and
Integrated System Biology

One of the fast growing research related to gene

expression data analysis is the integration of expression

profiles to the existing biological databases for validating

and predicting gene networks. The analysis of gene

expression profiles becomes much more powerful if

knowledge about other biological databases such as

interaction (gene–gene, gene–protein, protein–protein)

and pathways (metabolic, regulatory) can be incorporated

into the modeling frameworks. DeRisi et al.[60] used

global analysis of changes in gene expression to validate

known metabolic structure for diauxic shift in yeast

(Saccharomyces cerevisiae). Marcotte et al.[61] proposed

integrating information about gene expression, protein

homologues, phylogenetic profiles, metabolic function,

and experimental data into genomewide prediction of

protein functions. D’haeseleer et al.[62] discussed applica-

tions of clustering algorithms and reverse engineering,

such as Boolean networks to measure the output of the

gene regulatory network from gene expression data.

Jenssen et al.[63] used pure information retrieval tools to

extract biomedical knowledge from publicly available

gene and text databases to create a gene-to-gene cocita-

tion network for more than 10,000 named human genes.

CONCLUSION

DNA array experiments are novel biotechnologies that

have been increasingly used in biological and medical

research. The mass of data generated from a typical DNA

array experiment raises numerous statistical and compu-

tational challenges in data displays and processing,

experimental design, and multiple testing, cluster ana-

lysis, and prediction. There are inherent biases in

microarray data due to spatial, intensity, and dye effects

within an array and array-to-array variation across

experimental samples. Normalization is an integral part

of microarray data analysis. Design consideration for one-

channel experiment is similar to the parallel design in

clinical trial. For two-channel experiment, the loop design

appears to be more efficient than the reference design

when the number of treatment is small. When the number

of treatments is large, optimal design will depend on the

objectives of the experiment. Several authors have

considered other design issues, such as pooling mRNA

samples.[64,65] Two statistical approaches to data analysis

are discussed—significance testing for the identification

of differentially expressed genes and cluster analysis for

grouping the genes according to the expression profiles.

Significance testing focuses on traditional gene by gene

analysis, while cluster analysis focuses on the study of

relationships among a set of genes or association between

genes and samples. The field of microarray expression

analysis is booming, and new analytic methods are under

development. The literature is filled with novel analysis

methods. New procedures for studying gene expression

are being continuously developed. Generally accepted

normalization procedures and data analysis methods,

based on sound statistical principles, may be possible.
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