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Figure 13: This figure shows two quantile-quantile plots of the log;, p-values
for the test of differential expression in group I. The plot to the left is based
on the general paired model using all 19 patients and the plot to the right is
based on the restricted model from Kristiansson et al. (2005) using only the
patients in the I group.

to catch the differences in quality of the different pairs, such as correlations
and unequal precision. Gene-specific variances are modelled through a factor
cg, scaling the covariance matrix uniquely for each gene. Since microarray
experiments often consist of few gene-wise repetitions, ¢, is modelled by an
inverse gamma distribution random variable with shape parameter o and
fixed scale parameter 3. This is analogous to Lonnstedt and Speed (2002),
Smyth (2004) and Kristiansson et al. (2005).

To estimate the covariance matrix >, an assumption that most genes are
not differentially expressed is made. Then, after ¢, is removed by a trans-
formation, ¥ scaled with an unknown scale A\ can be estimated by numerical
maximum likelihood. Point estimators for A and « are also derived based
on the residual sum of squares. All these steps parallel Kristiansson et al.
(2005).

For any testable linear hypotheses, a likelihood ratio test is derived, re-
sulting in a weighted moderated F-statistic. In the special case of a one-
dimensional null hypothesis restriction, a weighted moderated t-statistic is
formed. In both cases, correlations give rise to array-specific weights, that
can be non-zero for parts of the data that would not be included under the
assumption of independent arrays. The weighted moderated statistics can be
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seen as generalisations of the moderated F- and t-statistics found in Smyth
(2004).

The model was evaluated on a simulated time course experiment with
three time points. The improvement in performance, compared to LIMMA
(Smyth et al., 2005) was shown to be substantial. Moreover, when the time
points were (wrongly) assumed to be independent, the effect on the perfor-
mance was shown to be relatively large.

Two real datasets were analysed. The first was the apoAl dataset (Cal-
low et al., 2000) which consists of eight knockout mice that are compared
to eight controls through a common reference. The estimated covariance
matrix contains moderate positive correlations for almost all arrays. This is
probably a result of the common reference design, where sources of variation
undoubtedly are shared between the arrays. Quantile-quantile plots of the
t-statistic revealed that WAME fitted the diagonal line well, while LIMMA
tended to over-estimate the t-values. A similar effect was observed for the
model in (Kristiansson et al., 2005). Moreover, the precision for the esti-
mated fold-changes was shown to increase when variances and covariances
were taken into account.

The other dataset investigated was the cardiac dataset (Hall et al., 2004)
which contains paired measurements for 19 patients, divided into three groups
(I, IM and N) based on their medical condition. One-channel oligonucleotide
microarrays from Affymetrix were used to produce the data. The covariance
matrix revealed differences between the groups. The variances were homo-
geneous in both the I and N group in contrast to the IM group where both
high and low variances were found. The IM group also contained several high
correlations, both to patients within the group and to patients in the other
groups.

Differential expression in the first group was investigated and the results
compared to Kristiansson et al. (2005). The weights with the general model
suggested in this paper resulted in more conservative weights and quantile-
quantile plots for the p-values showed that fewer genes deviated from the
diagonal.

When using WAME, it is important to keep in mind that the model is
far from perfect. The noise structure may be different for different genes and
the assumption of normality may not be valid. The gene-specific variance
might also be different for different groups of conditions, leading to erroneous
variance estimates. The effect of a potential dependence between expression
level and variance is unknown.

In principle we may adapt the weighted moderated F- or t-tests to test
null hypotheses that the linear combinations in question are equal to arbitrary
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constants. Confidence intervals and ellipsoids can then be constructed based
on the correspondence theorem between hypothesis testing and confidence
sets (Casella and Berger, 2002, Theorem 9.2.2). However, since the assumed
variance structure is hard to validate for regulated genes, we have refrained
from developing this topic at this stage.

A further generalisation of WAME is currently being developed, extend-
ing the procedure from paired to general microarray experiments. A linear
transformation can there be used to first remove the information explainable
by the null hypothesis. Assuming that the null hypothesis is true for most
genes, the transformed covariance structure can then be estimated and the
weighted statistics formed from the transformed data similar to the meth-
ods in the current paper. Work is underway to derive the properties of this
procedure and to verify its usefulness on real data. An R-package providing
easy access to the WAME procedure is also under development.
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