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Microarray technology has been studied widely in multiple hypothesis testing, with thousands or
even millions of test statistics z’s to consider at the same time. These test statistics z,’s are
correlated in some unknown form on multiple testing procedure. In this study, we will discuss
three possible reasons for the density of histogram of the observed z;’s differs from theoretical
standard normal distribution. The three reasons are correlation between genes, correlation among
microarrays, and various marginal distribution assumptions. Then, we will use several models to
simulate data and show that correlation among microarrays and various distribution assumptions
are important reasons which will cause the density of the observed z,’s differs from theoretical

standard normal distribution.
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The analysis of microarray in biomedical research has been studied extensively in the past
few years. Microarray is a technology to detect mMRNA expression level. In general, detecting

MRNA expression level can help identify genes that contribute to disease. That is, the goal of a



microarray experiment is to identify those genes that are differentially expressed within different
samples. Besides, we observed the number of samples is much less than the number of genes in a
microarray experiment, thus generating a large-scale multiple hypothesis testing problem
(Gentleman et al., 2005; Efron, 2007).

A large-scale multiple hypothesis testing problem in a microarray experiment involves the
simultaneous test of thousands, or even millions, of null hypotheses (Gentleman et al., 2005).
Usually we use two-sample t-statistics, t,, comparing expression levels under two different
conditions for N genes. Then, the t,’s were transformed to z’s (Efron, 2007). Efron (2007)
displayed two histograms of z,’s from two microarray experiments and described the z’s
correlations can cause the histograms of z ’s differ from standard normal distribution.
Furthermore, Efron (2007) assessed the size and effect of correlation in large-scale multiple
hypothesis testing, particularly false discovery rate (FDR) techniques (Benjamini and Hochberg,
1995).

Since the earlier study did not focus on the reason of the histograms of z,’s differ from
standard normal distribution in large-scale multiple hypothesis testing problem. Hence, in our
study, we have two purposes: (a) to discuss the possible reasons for the density of histogram of
the observed z,’s differs from the density of theoretical standard normal distribution under null
distribution; (b) to do simulation experiment to exam the histograms of z’s differing from
standard normal distribution in large-scale multiple hypothesis testing problem.

In the first year of this project, we first reviews the multiple hypothesis testing problem in a

microarray experiment and two microarray experiments: the breast cancer study and the HIV



study. And, then we discusses the possible reasons for over-diversion of the density of histogram
of z’s in the breast cancer study and over-converge of the density of histogram of z’s in the
HIV study. Also, we considers three possible models: (1) correlation between genes, (2)
correlation among microarrays, and (3) models of the various distribution assumptions. Besides,
we apply some simulation data and conclude some results from the simulation. Finally, we use

the real data in multiple hypothesis testing problem and make some comments.
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