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Introduction

Previously we have seen that MAS 5.0 like algorithms suffer in comparison to RMA like algorithms
when using fold-change to detect differential gene exression. It was shown that a MAS 5.0 style
background allows one to better predict observed vs true fold-change in a spike-in experiment, but
raises the variability the observed foldchange for non spike-in probes. Using ROC curves we found
that the mas 5.0 background with Ideal Mismatch correction did not help when using fold-chage
to pick differential probesets.

Background correction adds variability at the low end of the intensities, we will investigate what
effect removing these probesets has on detecting differential expression.

Methods

Computing expression

We will use three methods (from the vast array of methods surveyed previously) to compute mea-
sures of expression for each probeset. We will describe them in terms of a three step process.
One method will be by RMA, that is RMA background correction, Quantile Normalization and
summarization by median polish. The second will be an MAS 5.0 implementation: MAS 5.0 Back-
ground, no normalization and summarization using a 1-step Tukey biweight. The third will be
RMA without background correction, ie normalize using the quantile method and then summarize
using median polish.

Filtering

It is been found previously that background correction adds variability to low intensity probes
and thus to the computed measures of expression. To remove the effects that this might have
on detecting differential expression we will use a simple filtering method. We will filter out low
intensity probesets, by filtering out fixed proportions of the data.

MAS 5.0 has probeset specific filtering based upon P/A calls. The MAS 5.0 P/A system uses
information about the probes in a probeset from a single array. The filtering system we will uses
uses information about the measure of expression across arrays. Clearly our filtering system is a
little different, but we should capture many of the same probesets.

We will use two distinct methods of filtering and then combine the two together to form a third
method of filtering.



Filtering on mean intensity

We will use average expression intensity across chips to measure probeset intensity. Using our
filtering system, a probeset is called present if its mean expression across all chips is higher than a
certain level.

Filtering on variability

This aim is this method is to filter out noisy probesets. We will compute the variability of probesets
across arrays. Our filtering will be based on removing genes that have variability above a certain
level (ie these are the probesets that will be called absent). To be fair to the spike-in probesets,
which should be variable across chips, we will use their variability after taking account of the
spike-in concentrations (ie use the ANOVA within spike-in concentration variabilty.

Joint Filtering

We will try to filter out genes that have both low mean and high variance. To do this we will rank
probesets by variance across arrays from highest to lowest and rank by mean expression across
arrays from lowest to highest. Combining the two sets of ranks by summing, to get a joint rank on
both mean and variance. Use these ranks to filter out probesets.

Data

The data used is a spikein latin square experiment carried out by Affymetrix. This dataset was
used in the creation of the MAS 5.0 algorithm. It consists of 59 chips, where 14 probesets have
been spiked in a known concentrations. The concentration of the spike-ins are 0, 0.25, 0.5, 1, 2, 4,
8, 16, 32, 64, 128, 256, 512, and 1024pM. In most cases there are three replicate chips haveing the
same concentration profile, however there are also two concentration profiles that are replicated 12
times each and one concentration profile is represented only twice.

Results

We compare the ability of expression measures to detect differential expression by looking at Re-
ceiver Operating Characteristic (ROC) curves. We will also explore the effect that removing low
intensity probesets has on the ROC curves.

Filtering on mean intensity

As expected filtering has the greatest effect on the MAS 5.0 like expression summary. This can be
seen in figure 1 where we have plotted ROC curves for the tukey biweight summarization method.
We have filtered out the lowest 1%, 5%, 10%, 20%, 30%, 40% and 50% of probeset intensities. The
higher the intensity we filter out, the better we can pick out differential probesets. Even at the
highest level of filtering no spike in probesets were removed in the filtering.

The same analysis is repeated for the RMA expression measure in figure 2. As expected the
level of filtering really has no effect on the ability to discern differential expression.

We compare the three expression measure methods in figure 3. In particular we compare the
two unfiltered RMA methods to the 50% filtered Tukey biweight method. Even with heavy filtering
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Figure 1: ROC curves for Tukey Biweight + Mas5.0bg + IMM at different levels of filtering

Figure 2: ROC curves for RMA methods accross levels of filtering
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Figure 3: ROC curves comparing RMA with means filtered Tukey Biweight Mas 5.0 bg +IMM



Filtering level (%) RMA Tukey Biweight RMA no bg

0 14 14 14
1 14 14 10
2.5 14 14 3
5 14 14 2
7.5 13 14 1
10 13 14 1
20 8 14 0
30 6 14 0
40 ) 14 0
20 3 14 0

Table 1: Number of spikeins present at each level of variance filtering

the Biweight method with the MAS5.0 background does not detect differential expression well using
fold change.

Filtering on variability

We repeat the same analysis using our variability criteria to filter out genes. There was one
problem with this method when applied to the RMA methods, even after adjusting the variance of
the spikeins, the spikein variances were still a little higher than average, so filtering on the variances
resulted in some of the spikein probesets being filtered out. This effect can be seen in table 1.

Figure 4 shows the effects of the filtering on ability to detect differential expression using the
tukey biweight measure. Heavy filtering improves our ability to detect differential expression, just
as it did when using filtering by mean expression. Figure 5 shows the effects of the filtering on
detecting differential expression using the RMA methods. The filtering really had no major effect
on detecting differential expression when using an RMA measure.

We compare the variance filtered Tukey Biweight with with the unfiltered RMA methods in
figure 6. Even after filtering 50% of the probesets out, the RMA methods are still detecting
differential expression better.

Joint filtering

Finally we apply the joint filtering method. The levels of filtering can be see in figure 7. This
figure plots log, variance versus mean expression for the Tukey biweight expression measure. Our
previous filtering methods would correspond to horizontal or vertical strips on this plot. Given that
mean and variance filtering really left the RMA measures ability to detect differential expression
unchanged we have applied the joint filtering only to the tukey biweight method.

Figure 8 shows the effects of joint filtering on the ability to detect differential expression with the
Tukey Biweight data. As before filtering out more data, improves out ability to detect differential
expression.

Now comparing the three filtering methods at the 50% level in figure 9 we see that using mean
filtering gave the best results for detecting differential expression for the tukey biweight. But As
we have seen before the RMA methods outperform all the Tukey Biweight methods.



ROC curves for Tukey Biwelght + IMM and Mas 5.0 Bg filtering on variance
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Figure 4: ROC curves for Tukey Biweight + Mas5.0bg + IMM at different levels of variance filtering

ROC curves for RMA fitring on variance. ROC curves for A nobg fitering on variance

Figure 5: ROC curves for RMA methods across levels of variance filtering
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Figure 6: ROC curves comparing RMA with variance filtered Tukey Biweight Mas 5.0 bg +IMM
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Figure 7: log, Variance vs Mean joint filtering levels
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Figure 8: ROC curves for Tukey Biweight + Mas5.0bg + IMM at different levels of joint filtering
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Figure 9: ROC curves for Tukey Biweight + Mas5.0bg + IMM using 50% filtering across filtering
methods
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Conclusions

For the MAS 5.0 like (Tukey Biweight) method filtering out low intensity probesets and/or high
variabilty probesets did help when using observed fold change to detect differential probesets. These
filtering methods, as one would expect, did not have much effect on the RMA measures. Filtering
on mean probeset intensity provided the best results.

We comparing ability to detect differential expression across methods the RMA methods still
did better then the best case examined when using filtering using the Tukey biweight method.
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