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1. Introduction

Microarrays are an essential tool to simultaneously measure gene
expression on a large scale. However, they are associated with high
levels of experimental uncertainty. Probe-level analysis is required to
determine an accurate summary of the expression level for a
particular gene in the face of this uncertainty. It is also useful to
associate this measurement with a level of confidence that can then
be propagated and incorporated into further analyses using
probabilistic models or Bayesian methods. Affymetrix GeneChip®
arrays are currently the most widely used microarray technology. We
devised an Affymetrix probe-level probabilistic model to obtain the
uncertainty of gene expression values. Results show that this
uncertainty is useful in the analysis of microarray data.

2. multi-mgMOS

multi-mgMOS® is the latest version of our gMOS family of
models!"?. Tt uses a latent variable to model the probe affinity and
allows the binding of specific signal to MM probes. multi-mgMOS is
defined by
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Where Yge and ™M, represent respectively the PM and MM
intensities. By integrating out the latent variable b, , the MAP
solution can be found by fast gradient-based optimisation. We can
find the posterior distribution of the expected log signal by using
truncated Gaussian to approximate ? (e, | D)
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Fig. 1. The posterior distribution of expected log expression level for
a spike-in gene at concentration (a) 0, (b) 8 and (c) 512 pM. The thin
solid lines are numerically calculated while the thick dashed lines are
from the truncated Gaussian approximation.

3. Making use of biological replicates

multi-mgMOS obtains the measurement error for each gene in a
single chip. Replicates are commonly used to estimate the variance
between chips. The following Bayesian hierarchical model defines
the combination of signal from replicates

r — replicate

¢ - condition
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Where B, is the measurement precision obtained from multi-
mgMOS. In the case where the number of chips and the number of
conditions are large, we prefer to use a non-informative prior,

P(,u, logo',log'r):TA

When there are few chips or conditions in an experiment, a conjugate
prior may be better,

l/o?~Ga(o, B).

In these two cases, we obtain the posterior distribution of the signal
0, for each condition.

4. Results

We use several data sets to show the usefulness of the measurement
error obtained from multi-mgMOS.

Fig. 2. Temporal profile of gene Fbinl
" in the dataset from [3] (25 chips). Error
bars are the 2.5-97.5% credibility
intervals. Blue lines are from the 3
biological replicates processed by
multi-mgMOS and the red line is the
combined signal from the 3 replicates
using a non-informative prior. The
dotted line 1is the result from
quantitative real-time PCR data.
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By incorporation of measurement
error, the Bayesian hierarchical model

reduces the number of false positives.

5. Conclusion

There are many sources of variability in microarray experiments. It is a
waste to discard this uncertainty. We described a probabilistic way to
obtain this uncertainty and use it for detecting differential gene
expression. Other downstream analyses of microarray data can also be
modified to include probe-level uncertainty and this will improve the
performance of these downstream analyses in a similar way as we
described above. Recent work on PCA™ demonstrates how probe-level
uncertainties can also be incorporated into other probabilistic models,
leading to improved methods.
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