STATISTICAL ISSUES IN MICROARRAY EXPERIMENTS
INCLUDE:

*  Experimental design

e Preprocessing and data cleansing
e Normalization

» Differential expression testing

* Clustering and prediction

* Annotation

Experimental Design

A sound experimental design is crucial for an informative microarray experiment. Issues are
described by Pan et al. (2002), Simon et al. (2002) and Kerr and Churchill (2001); and S-
PLUS code for sample size calculations and power curve construction from the Pan et al.
(2002) paper are available from the first author's website.

Data Preparation and Normalization

Exploratory data analysis (EDA), quality control and normalization are achieved quite simply in
S-PLUS. There have been many normalization methods proposed and many in current use.
Yang et al. (2002) and Bolstad et al. (2003) provide good reviews and methods. Simple
normalization of replicate chips to the same interquartile range and median is achieved as
follows for chip data in an S-PLUS dataframe x with rows as genes and columns as expression
intensities:

igrfn <- function(xx) quantile(xx,0.75,na.rnmeT)-

quantil e(xx, 0. 25, na. rneT)

bt wn. norm <- function(tnp)

{

#Adj ust 1 Q ranges to be the sane as max of | QRs

divisor <- matrix(rep(apply(tnp,2,iqgrfn)/ max(apply(tmp,2,iqrfn)),
dim(tmp)[1]), nrow=di m(tnmp)[ 1], byrow=T)

tnp.adj <- tnp/divisor

#Adj ust nedians to be the same as nax of nmedi ans

adj ustnment <- matrix(rep(max(apply(tnp. adj, 2, medi an, na. rneT))
-appl y(t np. adj , 2, nedi an, na. rn¥T),

dinm(tnp.adj)[1]), nrow=di m(tnp. adj ) [ 1], byr ow=T)

tnp. adj 2 <- tnp.adj +adj ust nent

return(tnp. adj2)

}

X. norm <- btwn. nor m(x)

http://www.insightful.com/products/s-plus_arrayanalyzer/stat_design.asp


http://www.biostat.umn.edu/%7Eweip/paper/mmmSampSize.s

Differential Expression Analysis using Hierarchical Bayes approach

Direct calculation of posterior probabilities of differential expression using a hierarchical Bayes
approach is described by Newton et al. (2001) and S-PLUS code for this approach is available
from the first author's website.

Clustering and Prediction

There are many clustering and prediction methods available in S-PLUS. The hierarchical
clustering methods include agglomerative: hclust(), agnes(); and divisive: diana(). Partitioning
clustering methods include pam() and kmeans(). The dendrograms produced by the
hierarchical methods may be visualized using plclust() and layered over heatmaps of the
expression intensity data produced using image() to produce the now familiar visualization of
microarray experimental data (Eisen et al., 1998). Model based clustering methods, using
mixture models, are available using the function mclust() (Fraley and Raftery, 2002), and a
repository of S-PLUS code is available at this link.

There are many other supervised and unsupervised learning approaches to microarray data
analysis. S-PLUS code for some of these methods is available from the GeneClust site. This
includes S-PLUS code for gene shaving (Hastie and Tibshirani, 2000; Do et al., in press).
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