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A typical microarray experiment attempts to ascertain which genes display differential expres-
sion between various different samples. Supposing we were testing just one gene with a large
number of replicates, the conventional method to establish this would be some form of signifi-
cance testing. However, experiments of this sort often involve looking at the levels of expression
for as many as 20,000 genes per slide and the issues of multiple testing associated with such
high-dimensional datasets, combined with the problem of an insufficient number of replicates
makes significance testing infeasible. This work develops an empirical Bayesian thresholding
procedure, originally introduced for thresholding wavelet coefficients by Johnstone and Silver-
man (2004), as an alternative to the existing frequentist methods for the purpose of determining
differential expression across thousands of genes. Johnstone and Silverman’s “EBayesThresh”
is a highly effective empirical Bayesian technique for the detection of a few pieces of useful
information ‘hidden’ in an array of noisy data, most of which contains no useful information.
We explore the application of this empirical Bayesian technique to microarray data, where the
problem is to detect the few ‘interesting’ genes among many ‘uninteresting’ ones. The purpose
of the microarray experiment is to identify which genes have significantly different expression
between different biological conditions precisely the kind of problem that EBayesThresh is
designed for.

An underlying assumption of the methodology is that the data has originated from a sparse
sequence and subject to stocastic normal noise. The term sparse sequence is meant in this
context as consisting of a few large (positive or negative) signal values interspersed amongst
many zero values. The described mehod is simply an estimation procedure, the aim of which is
to identify those elements of the sequence that are zero values but corrupted by noise and those
that are the true signal values. Essentially, this is done by estimating a threshold value: any
observations with an absolute value below the threshold are set to zero and those observations
with an absolute value above the threshold value are said to be the true non-zero signal values.

1 Application to microarray data

We apply the empirical Bayesian thresholding procedure to the sequence of log-ratios Zi =

T ∗

i
− C∗

i
where T ∗

i
and C∗

i
are the normalised intensities (on some approximately logarithmic

scale) for the treatment and control samples respectively and i = 1, . . . , n genes. It is expected
that the majority of genes on the chip will not be differentially expressed between the two
samples and will thus have a log-ratio of zero; those genes which are substantially differentially
expressed will have large (positive or negative) log-ratios and be randomly interspersed amongst
the near zero values. Thus it is plausible to interpret this type of dataset as a sparse sequence
of a few large signal values interspersed amongst many zero values, corrupted by noise. We
illustrate the results for various data sets and compare to the common fold change approach and
multiple significance testing.
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2 Examples

2.1 The E.Coli dataset

The data in this first example comes from a cDNA experiment using “homemade” spotted arrays
described in Marincs et al.. We have data for m = 3 chips and n = 76 genes, along with 102
“blank” spots used to estimate the background effect. There were r = 6 replicated spots of each
gene per chip.
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Figure 1: Log-ratios for the E.Coli dataset before and after empirical Bayesian thresholding.

Figure 1 shows the data before and after the empirical Bayesian thresholding procedure. Of
the 76 genes, 25 (32.9%) were identified as being differentially expressed. These results can
be compared to those obtained using the existing methods: employing a simple fold-change
approach, 32 (42.1%) genes are concluded to be differentially expressed; using multiple t-tests
with an adjustment for the false discovery rate at the α = 0.05 level, 6 (7.9%) genes were
identified to be differentially expressed.
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2.2 The leukemia dataset

The leukemia dataset, containing measurements for 3051 genes, comes from a study described
in the work of Golub et al. to investigate the gene profiles of different types of acute leukemia,
using Affymetrix chips.
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Figure 2: Log-ratios for the leukemia dataset before and after empirical Bayesian thresholding.

Figure 2 shows the log-ratios for the 3051 genes before and after thresholding. Using the
thresholding procedure, 171 genes (5.6%) out of the 3051 were identified as being differentially
expressed between the conditions. The fold-change criterion and FDR approach identified 1233
(40.4%) and 695 (22.8%) differentially expressed genes respectively.
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