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A Typical Microarray Data Set
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We want to test                             for gene i=1,...,m

Test statistic for gene i:

where
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Equivalently Expressed (EE) and 
Differentially Expressed (DE) Genes

• A certain proportion, say      , of the tested genes have 
expression distributions that are the same for both 
treatments. (EE genes)

• For other genes, the mean expression level differs 
between treatments. (DE genes)

• For DE genes, the degree of differential expression,       
summarized by the non-centrality parameter                            

varies from gene to gene.

,
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Objectives

• Estimate      = proportion of non-centrality parameters 
that are zero (i.e., proportion of genes that are EE)

• Estimate          = density that approximates the true 
distribution of nonzero non-centrality parameters.

• Estimate false discovery rates (FDR)

• Estimate falsely interesting discovery rates (FIDR)

• Perform power and sample size calculations for future 
experiments 
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Conditional Densities of p-values Given  .
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The Marginal Distribution of the t-test p-value

Suppose that each non-centrality parameter
is 0 with probability      and a draw from a
continuous distribution         with probability

. 

Then the marginal density of the t-test p-value
is given by

.
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Histogram of p-values
from Two-Sample t-Tests
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Approximate g with a Linear Spline Function

where are B-splines

and .

normalized to be densities
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The B-Splines

δ
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fgfWeighted B-Splines

δ
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fgfLinear Spline Estimate of g

δ
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fgfWeighted B-Splines

δ
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fgfLinear Spline Estimate of g

δ
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Approximating the Marginal Density of p-values
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We seek a convex combination of the z functions 
that fits our empirical p-value distribution well.
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fgfFind     that minimizes
Number of Histogram

Bins (e.g., 2000)

Weight Assigned
to ith Bin

Observed Density 
Height for ith Bin

Semiparametric
Approximation of
Density Height 

for the ith Bin

Smoothing
Parameter

Penalty for
lack of

smoothness
in g

Solved via quadratic programming.
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Solution to the penalized least squares problem yields a 
convex combination of z functions as a density estimate.
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Two-Sample t-test p-values with Estimated Density
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Two-Sample t-test p-values with Estimated Density

The “compromise estimator” combines
the portion of the density due to null
p-values with the portion of the density
due to “near null” p-values.
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Note that the similarity of z1 and z2.
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Two-Sample t-test p-values with Estimated Density
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Estimated Density of Nonzero
Non-Centrality Parameters
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Other Quantities of Interest

Posterior Probability of Differential Expression
PPDE(p) = P(DE|p-value=p)

False Discovery Rate
FDR(c) = P(EE|p≤c)

True Positive Rate
TPR(c) = P(DE|p≤c) 

= 1 – FDR(c)

True Negative Rate
TNR(c) = P(EE|p>c)

Expected Discovery Rate
EDR(c) = P(p≤c|DE)

Gadbury et al. (2004). Stat. Meth. in Med. Res. 13, 325-338
discuss last three quantities in power and sample size context.
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Power-Sample Size Calculations

• If we have estimates of π0 and g(δ) from a previous 
experiment, we can examine how our ability to discover 
differentially expressed genes will vary with sample size.

• Suppose the within-treatment sample sizes for a new 
experiment differ from the previous experiment by a 
factor of    .

• If     denotes the NCP for a gene in the previous 
experiment, then the NCP for the same gene in the new 
experiment will be         .

• We can see how quantities of interest vary with     to 
guide samples size selection in the new experiment.
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Power-Sample Size Calculations

EDR

TPR

TNR

p-value threshold for significance
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“Interesting Discovery” Rates

researcher-determined threshold
that defines “interesting discovery”
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