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Abstract

In cDNA microarray, the measurement errors can be occurred due to the variation of

experimental technique of the involved experimenters. We consider multilevel mixed

effect model and Bayesian hierarchical model for accounting for the experimenter

effect. For identification of differentially expressed genes, we use the contrast of

interaction, which were suggested by Kerr and Churchill (2001) in gene expression

microarrys. We compare these two approaches using a colorectal cancer data that

motivated the work.
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1 Introduction

DNA microarray technology has been established as a major tool for high through-

put analysis, which measures the expression levels of thousands of genes simultane-
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ously. Monitoring of so many genes simultaneously made it possible to characterize

tissue specimens at the most basic level, namely, at that of the genes. Its implica-

tions to cancer research are considerable. It is a new statistical challenge to analyze

the data from microarray experiment, not because they just involve large amount

of data, but because they comprise a non-standard statistical problem which is of-

ten referred to as a ”large p, small n” problem (West, 2003), namely the number of

genes is much larger than the sample sizes. In the statistical analysis of the microar-

ray experiment genes are regarded as explanatory variables of which the number is

denoted by p in relation to the sampling units (i=1,..., n). Dudoit et al. (2002a)

employed the family-wise error rate for controlling the type I error and used Westfall

and Young’s step down procedure for calculating the adjusted p-value. Tusher et al’s

SAM procedure is a permutation test with a modified t statistic. They adopted the

false discovery rate (FDR, Benjamini and Hochberg, 1995) for controlling the type I

error, where FDR is defined to be the number of false positive genes divided by the

number of declared significant genes. FDR is more sensitive in detecting significant

genes (Ge et al. 2003). Lonnstedt and Speed (2002) used empirical Bayes method

to derive a Bayes log posterior odds, say B statistic. In microarray experiments,

expression levels are often measured for each gene and each sample across different

groups. Analysis of variance (ANCOVA) is therefore a natural method for examin-

ing for the data (Kerr and Churchill. 2001; Tadese et al. 2003). One also needs to

adjust for potential confounding factors between the comparison groups; this can be

done by extension to an analysis of covariance (ANCOVA) model. Using ANCOVA

model, Tadesse et al. (2003) considered gene expression measures as censored data
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for accounting quantification limits of technology.

The measurements of expression level depend on experimenter’s technique. We

observe the effect of experimenter may affect to select differentially expressed genes.

We consider multilevel mixed effect model to control experimenter effects. We

also use an analysis of variance (ANCOVA). Using Bayesian method suggested by

Tadesse et al. (2002), we develop Bayesian approach for handle experiment effect.

We compare two approaches with FDR using a colorectal cancer data that motivated

the work.

2 Methods

We use multilevel linear mixed effect model by considering experimenter effect as

a random effect. Several methods of parameter estimation have been used for lin-

ear mixed effects models; maximum likelihood and restricted maximum likelihood.

Optimization of the likelihood of a linear mixed effect models is usually accom-

plished through EM iterations or through Newton-Raphson iterations (Laird and

Ware, 1982; Lindstrom and Bates, 1988; Longford, 1993). Our approach begins by

calculating initial estimates of the parameters then uses several EM iterations to

get near the optimum, then switches to newton-Raphson iterations to complete the

convergence to the optimum which is the optimization approach of LME in S-plus.

We also develop the Bayesian method for accounting for experimenter effect. We

use contrast of interaction which was suggested by Kerr and Churchill (2001) for

identification of differentially expressed genes.
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3 Application

We apply our two approaches to cDNA microarray experiment of the 87 colorectal

cancer patients during the operation at Severance Hospital, Yonsei Cancer Center,

Yonsei University College of Medicine, Seoul, Korea, from May to December of 2002.

The aim of our study is to identify a set of differentially expressed (DE) genes be-

tween normal and colorectal cancer tissues, to select a set of DE genes between colon

and rectal cancer tissues in subtype tumors, to choose a set of DE genes between

cea< 5 and cea> 5 tissues in subtype tumors by accounting for experimenter effect

and other stage information. For identifying differentially expressed genes between

normal and colorectal cancer tissues and between colon and rectum tumor tissues,

we use the value of cea and stage information of patients as covariate variables (X)

in the model. For identifying differentially expressed genes between cea< 5 and

cea> 5, we use only stage information as covariate variable (X).

Using multilevel linear mixed effect and Bayesian approaches, we select subset

of genes identified to be differentially expressed in two tissues, normal vs. tumor,

colon vs. rectal tumors and cea< 5 vs. cea> 5. We have investigated that selected

genes from MLME and Bayesian methods are quite different from the selected genes

from a permutation test with a t statistic for controlling the type I error using false

discovery rate (FDR, Benjamini and Hochberg, 1995).
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