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1 Introduction

The issue of method validation is of great im-
portance to the microarray community; ar-
guably more important than the development
of new methods [Allison et al., 2006]. The mi-
croarray analyst is faced with a seemingly end-
less choice of methods, many of which give evi-
dence to support their claims of being superior
to other approaches, which at times can ap-
pear contradictory. Method validation is a dif-
ficult problem in microarray analysis because,
for the vast majority of microarray data sets,
we don’t know what the “right answer” really
is. For example, in a typical analysis of di!er-
ential gene expression, we rarely know which
genes are truly di!erentially expressed (DE)
between di!erent conditions.

Perhaps the most well-known and widely
used benchmark for A!ymetrix analysis meth-
ods is A!ycomp [Cope et al., 2004]. While a
very valuable tool of summarization method
validation, A!ycomp is not ideal for compari-
son of DE methods because:

1. It uses data sets which only have a small
number of DE spike-in probesets.

2. It only uses fold change (FC) as a met-
ric for DE detection, and hence cannot
be used to compare other competing DE
methods.

The “Golden Spike” data set of Choe et al.
[2005] includes many di!erentially expressed
spike-in probesets, making it potentially very
valuable as a benchmark data set. There have,

however been a number of criticisms of this
data set.

2 Methods

We have identified six key stages of the anal-
ysis pipeline for the Golden Spike data where
choices have to be made. By comprehensively
re-analysing the Golden Spike data using all
combinations of these choices, we have used
this data set in a comparison of methods which
is far more extensive than any previous study.
We have also developed a web resource (A!y-
DEComp) where the e!ects of the di!erent
choices can be seen. All analysis has been per-
formed using open source tools and publicly
available data. We have made all our analysis
scripts publicly available.

3 Results

We show that certain choices in the analysis
pipeline can overcome the more serious de-
fects in the Golden Spike data set. We have
also shown how the results of these decisions
can lead to the apparently contradictory re-
sults found in previous studies. We see that
there is no DE method that is clearly better
than other methods, but that what is impor-
tant is the combination of summarization and
DE method. We show that, while flawed, this
data set is still a useful tool for method com-
parison, particularly for identifying combina-
tions of summarization and di!erential expres-
sion methods that are unlikely to perform well
on real data sets. Figure 1 shows the areas

1



●

●

●

●
●

●

●

●

● ●

●

●

●

●

●

●

●

●

●
●

1
2

3
4

5

FC of true positives

−l
og

(1
−A

UC
)

Low Medium High All

● mmgMOS
MAS5
CP
PLIER
RMA
GCRMA
DFW
MBEI
FARMS

limma
fc
ttest
cybert
PPLR

Figure 1: Areas under ROC curves of Golden Spike data using di!erent combinations of sum-
marization and DE detection methods, and di!erent sets of true positives. For these charts
only the equal spike-ins are used as true negatives. The chart shows probesets selected using
a 1-sided test of up-regulation. The Low true positives are those spike-ins with a FC greater
than 1 but less than or equal to 1.7. The Medium true positives are those spike-ins with a FC
between 2 and 2.5. The High true positives are those spike-ins with a FC greater than or equal
to 3. The y-axis shows -log(1-AUC) rather than AUC, as this gives a better separation between
the higher AUC values, but retains the same rank order of methods. The x-axis is categorical,
with points jittered to avoid placement on top of each other.

under the ROC curves (AUC) for our recom-
mended analysis pipeline choices.

4 Conclusion

We conclude with recommendations for pre-
ferred A!ymetrix analysis tools, and for the
development of future spike-in data sets.
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