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ABSTRACT
Motivation: There is a very large and growing level of
effort toward improving the platforms, experiment designs,
and data analysis methods for microarray expression
profiling. Along with a growing richness in the approaches
there is a growing confusion among most scientists
as to how to make objective comparisons and choices
between them for different applications. There is a need
for a standard framework for the microarray community to
compare and improve analytical and statistical methods.
Results: We report on a microarray data set comprising
204 in-situ synthesized oligonucleotide arrays, each
hybridized with two-color cDNA samples derived from
20 different human tissues and cell lines. Design of the
∼24 000 60mer oligonucleotides that report ∼2500 known
genes on the arrays, and design of the hybridization
experiments, were carried out in a way that supports the
performance assessment of alternative data processing
approaches and of alternative experiment and array
designs. We also propose standard figures of merit for
success in detecting individual differential expression
changes or expression levels, and for detecting similarities
and differences in expression patterns across genes and
experiments. We expect this data set and the proposed
figures of merit will provide a standard framework for
much of the microarray community to compare and
improve many analytical and statistical methods relevant
to microarray data analysis, including image processing,
normalization, error modeling, combining of multiple
reporters per gene, use of replicate experiments, and
sample referencing schemes in measurements based on
expression change.
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INTRODUCTION
DNA microarray technologies are now frequently used to
measure genome-wide mRNA expression and its changes
for diverse biological samples across conditions such as
developmental stages, drug treatments, disease states,
and gene disruptions (see review papers, e.g. Brown and
Botstein, 1999; Friend, 2000; Young, 2000; Lockhart and
Winzeler, 2000). Microarray applications include identi-
fication of disease-associated genes (Cheeet al., 1996;
Heller et al., 1997; Zhanget al., 1997; Khanet al., 1999;
DeRisiet al., 2000), drug target validation (Martonet al.,
1998; Huanget al., 2000), biological pathway dissection
(Spellmanet al., 1998; Holstegeet al., 1998; Iyeret al.,
1999; Robertset al., 2000; Gaschet al., 2000), discovery
of gene functions (Choet al., 1998; Walkeret al., 1999;
Hugheset al., 2000), experimental annotation of the hu-
man genome (Shoemakeret al., 2001), compound toxicity
studies (Waringet al., 2001), tumor classifications (Al-
izadehet al., 2000; Golubet al., 1999; Perouet al., 2000),
diagnostic and prognostic predictions for various types of
cancer patients (Khanet al., 2001; van ’t Veeret al., 2002;
Van de Vijver et al., 2002), and other biomarker identifi-
cations (Amundsonet al., 2000, 2001; Curtoet al., 2002).

Despite these great advances, the effective use of DNA
microarrays still presents challenges for much of the
community in areas such as experiment design (Kerr
and Churchill, 2001; Yang and Speed, 2002), image
processing (Yanget al., 2001; Brown et al., 2001; Li
and Wong, 2001), normalization (Bilbanet al., 2002;
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Yanget al., 2002), supervised and unsupervised learning
algorithms (Eisenet al., 1998; Tamayoet al., 1999;
Brown et al., 2000; Robertset al., 2000; Khanet al.,
2001; van ’t Veeret al., 2002), and oligonucleotide probe
design (Hugheset al., 2001). These challenges include
many issues in analytical and statistical methods for data
analysis (Tsenget al., 2001; Wanget al., 2001; Yueet
al., 2001). In addition, differences in microarray types,
tissue harvesting, amplification protocols, sample labeling
techniques, and hybridization conditions makepost hoc
sharing of microarray data a great challenge (e.g. Bassett
et al., 1998; Brazmaet al., 2001; Gardiner-Garden and
Littlejohn, 2001). This chain of processes determines
how biological information is extracted from a set of
microarray experiments. Optimization of the links in the
chain is normally impractical because of the difficulties
inherent in quantifying the impact of improvements in
any one link. For example, adjusting image background
subtraction so that the background-subtracted intensities
no longer correlate with the background estimates has a
sound statistical motivation, but what is its quantitative
impact on false positives, on false negatives, and on find-
ing interesting expression patterns? Different measures of
correlation and similarity distance may be used to derive
clustering or grouping of genes or experiments, but how
does one quantify the success of the resultant cluster
groups? Another difficulty with optimization is that
optimization of each link in the chainsequentially does
not in general provide a global optimum. On the other
hand, optimizationsimultaneously over many aspects of
data analysis in combination with experimental protocol
and chip platform, is generally beyond the resources
of any single research group. Many researchers have
proposed their own algorithms in specific areas in order
to extract more reliable and reproducible information
(e.g. Lockhartet al., 1996; Chenet al., 1997; Robertset
al., 2000; Schadtet al., 2000, 2001; Li and Wong, 2001;
Kerr et al., 2000; Leeet al., 2000; Newtonet al., 2001;
Troyanskayaet al., 2001; Tusheret al., 2001). However,
direct unbiased comparisons of different analysis methods
are rare because different groups generally do not attack
the same data set. The above problems indicate the need
for a flexible data set that can be used to benchmark
analysis methods and a set of standard figures of merit
that define the benchmark. To be useful as a set for
benchmarking analysis methods, the standard data set
should have relevance to multiple microarray technology
platforms, should possess built-in redundancy, should rep-
resent multiple experimental designs, and finally, should
be comprised of a diverse set of conditions with variable
signal strengths to support the evaluation of alternative
data processing approaches and of alternative experiment
and array designs. The standard figures of merit should
be chosen so that they are defensible as robust evaluators

of relative performance. Our present work is in alignment
with recent efforts in the microarray community to work
together on microarray data analysis (Johnson and Lin,
2001a,b).

In this paper, we suggest two easily computed stan-
dard figures of merit that should be good predictors of
information quality in the vast majority of microarray
applications to gene expression. We illustrate application
of these figures of merit to a new data set constructed with
the benchmarking ideas just discussed in mind. To date,
the microarray expression analysis community generally
has explored two application types in a broad sense. The
Type 1 application is directed toward highly parallel mea-
surements of individual expression changes or individual
expression levels for many genes in response to specific
conditions. Applications of this type include comparing
diseased and normal tissue to identify disease-specific
gene candidates (Pietuet al., 1996; Helleret al., 1997;
Welsh et al., 2001), comparing expression in different
tissues to find out what genes are specific to a given
tissue (Sturnioloet al., 1999), or comparing compound
treated samples and vehicle controls to identify genes
that responded to the compound treatment (Waringet al.,
2001). A primary task here is to develop a reliable method
for assigning statistical significance to the individual
measurements of expression change, or error bars to the
individual measurements of expression level.

TheType 2 applications treat the entire set of expression
measurements from a microarray as a pattern indicative
of the state of the cell at the time it was profiled (Eisen
et al., 1998; Shoemakeret al., 2001), or as a set of
measurements of a given gene across many conditions as
a pattern indicative of the role of that gene (Schenaet
al., 1995; Rosset al., 2000; Hugheset al., 2000). This
pattern may be matched or clustered with other patterns to
obtain inferences about the cell state or gene role. In order
to support this type of application, the reproducibility of
a measured pattern becomes the key issue, while error
outliers and detailed error modeling become relatively less
important.

The standard data set presented here is based on the
in situ ink-jet synthesizer (IJS) oligo array technology
(Hugheset al., 2001). This technology has many aspects
in common with both spotter (Schenaet al., 1995) and
Affymetrix GeneChip (Lockhartet al., 1996) technolo-
gies. The data set contains built-in redundancy that
supports evaluation of experiment designs and analysis
methods for microarray profiling. The ink-jet oligonu-
cleotide arrays and the pooling and pairings of samples
for all hybridizations were specially designed to support
multiple analysis objectives. In the Results, we first
introduce non-parametric figures of merit appropriate to
these two application types. After describing the standard
data set, we then show the results from our baseline
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processing of the standard data set for the purpose of
illustrating the use of our figures of merit. We finally
discuss implications of our results. Detailed information
about experimental protocols and analysis methods are
collected in the Supplementary information. We expect
that a subsequent publication will report on more results
from advanced processing methods on the same data set.

RESULTS
Figures of merit for microarray performance
evaluation
The Type 1 applications succeed to the extent we can re-
port expression, or significant changes in expression, when
they exist (true positives) and report them as absent when
they are absent (true negatives). The other two possibilities
of course are false positives and false negatives. With the
obvious notation, there are two constraints on these four
quantities,

TP+ FN = N1 (1)

TN + FP= N0 (2)

where N1 and N0 denote the fraction that were truly
positive or negative, so thatN1 + N0 = 1. This means
that the performance of our detection and reporting system
can be characterized in the space of the remaining two
free dimensions. We can use any two of the quantities,
or for example two independent linear combinations of
them, to coordinatize this performance. Traditionally,
detection performance is expressed as the parametrized
curve TP(λ) versus FP(λ); that is, true detections versus
false detections, parametrized by the stringency of the
detection threshold (see e.g. Egan, 1975). For historical
reasons, this display is usually referred to as a Receiver
Operating Characteristic (ROC) curve because it was first
adopted for radar system applications during WWII. In
Type 1 applications we wish to minimize FP and FN while
TP and TN are maintained, or alternatively we maximize
TP and TN at fixed FP and FN.

In the case of expression profiling, the variableλ is a
level of expression, or a level of logarithmic expression
ratio, or a P-value output from an error model. It is
somewhat problematic defining which reporters reflect
actual change or real expression, since in real experiments
there is a continuum of expression or change, with the
largest number of genes exhibiting the smallest expression
or smallest change. We therefore have chosen for our
two-dimensional performance characterization the pair
of quantities (TP+ FP) and FP; that is, the total
declared positive versus the false positives. Clearly, we
can agree on the definition of (TP+ FP), since this
is just the set of values above our detection threshold.
FP we quantify by performing null experiments. In the
case of expression change, the null experiment is the

comparison of nominally identical biological samples
that have been put independently through the expression
profiling assay. In the case of expression level, the null
experiment might be a mock experiment with mRNA
from the genes of interest omitted. This latter is itself
a problematic experiment and we report specifically on
the former in this paper. Thus the prototype experiment
for the Type 1 performance characterization involves the
biological sample comparison A versus A to obtain the FP
behavior versus detection threshold, and the comparison
A versus B to obtain the behavior of (TP+ FP) versus
threshold. Any change to the array technology platform,
the data processing, or error modeling which, for these
biological samples, improves the trade-off between (TP
+ FP) and FP, is a change for the better. Most often
the curves resulting from different processing methods in
this parameter space nest rather than cross. When they
do cross, it is necessary to fix one of the dimensions, for
example FP as an operating point, or to use the area under
the curves, in order to uniquely declare a winner.

Variations on this experimental approach are of course
possible. We could use spiked-in known concentrations
of mRNA sequences to provide a population of measure-
ments that are known to be either positive or negative.
However, in practice, two objections to this method are
(1) the subtle biases between the way spike-ins are ampli-
fied and labeled, and the way the sequences in the actual
biological samples are treated, and (2) the difficulty in pro-
viding a large variety of known sequences. The null exper-
iment can be refined by averaging the results of A versus
A and B versus B.

Results of this analysis still rest on an assumption of sta-
tionarity. For example, if the error behavior systematically
changes between the time the A versus A experiment is
conducted and the time the A versus B experiment is con-
ducted, then the derived performance will be misleading.
In our experiments, multiple null experiments were done
interleaved in time with the others.

The Type 2, or pattern matching, application succeeds
in principle to the extent that biologically similar patterns
are declared similar and biologically different ones are de-
clared different. We propose a figure of merit based on
the ability to match an expression profile with one from
a nominally biologically identical, but experimentally in-
dependently derived profile, in the presence of a large set
of alternative competing patterns from other biologically
relevant samples. Suppose we have done a set of microar-
ray experiments forN biological samples in duplicates,
yielding 2N profiles. All 2N (2N − 1)/2 pairwise similar-
ity metrics are computed as either correlation coefficients,
Euclidean distance, or some other metric. Letr12i be the
rank of the similarity of the duplicate profilepi1 with re-
spect to its true matepi2, among all pairs containingpi1.
The best outcome is thatr12 = 1 and the worst possible
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outcome is thatr12 = 2N − 1. Let r21i be the rank of
the similarity of pi2 with respect topi1 among all pairs
containingpi2. The figure of merit is defined by

FOM2 = 2N/

N∑

i=1

(r12 + r21)i . (3)

If pattern matching succeeds in pairing up all of the
nominally identical profile pairs, FOM2= 1. If pattern
matching performs at a level similar to random matching,
we would expect FOM2∼ 1/N with a wide distribution.
Note that this framework handles expression ratio profiles
and expression level profiles. It also applies to the other
dimension: similarity of the expression of genei across
a set of conditions with that of genej across the same
set of conditions. This dimension is the one relevant,
for example, to grouping probes into exons, exons into
genes, or genes into gene sets by expression co-regulation.
No matter what image processing, normalization, de-
trending, correlation, or other similarity metrics have been
defined, Equation (3) summarizes the success of pattern
matching with that particular processing stream relative to
alternative streams, and it has no free parameters.

In the Type 1 andType 2 figures of merit, the indepen-
dence of the repeated experiments is key. Processed mi-
croarray data values have an accumulation of uncertainties
from all the experimental stages including the handling of
the tissues, cultures, or animals that were the source of the
RNA. For the standard data set described in this work, the
duplicate experiments started with the same cRNA sam-
ples post-amplification, with everything downstream inde-
pendently processed (see Methods). The different mRNA
samples, however, came from different biological sources,
human tissues, and cell lines (Table S1 in Supplementary
information). Thus, this data set tests the ability to handle
sources of error from all parts of the array manufacture and
hybridization assay, certain enzymatic, fluorescent label-
ing, and purification steps, but not due to biological vari-
ations in the organism or tissue, a complication that has
been removed from the present study.

Experiment design, chip design, sample
preparation and hybridization protocols
Our experimental design is shown in Figure 1 in which
each connector chord or spoke indicates a two-color
sample paring. See Supplementary information for details.

Overview of results from baseline processing
After hybridization, slides were scanned using a confo-
cal laser scanner (Agilent Technologies). Fluorescence
intensities on scanned images were quantified, corrected
for background, and normalized using our baseline
processing (see Supplementary information). AP-value
for each ratio measurement was also assigned based
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ε = 0.3

δ = 0.01 - 0.1

Fig. 1. Experiment design. Each connecting line or arc represents
a redundant pair of fluor-reversal array pairs (total four hybridiza-
tions). Virtual ratios generated by traversing multiple arcs can be
compared with actual two-color ratio profiles done as indicated by
the chords. Pool 1 is an average of human tissue or cell line samples
A + B + . . .+ T and so provides a near reference to the condition
pairs on the ring. Pool 2 is an average of 10 tissue or cell line sam-
ples other than A through T and so provides a distant far-reference,
such as would occur if cancer profiles were compared to normal
rather than to a common pool of affected individuals. Loops indicate
‘same versus same’ control experiments (cRNA-to-end in blue color
and hybridization-to-end in brown) which can be used to generate
estimates of false positive rates and more detailed error models. For
details of sample information andε andδ see Table S1.

on an error model (see Supplementary information).
Figure 2 shows log(ratio) versus log(intensity) for three
experiment types each obtained from a fluor-reversal
pair (FRP) of hybridization: Pool 1+ 0.3A versus
Pool 1 + 0.3A (control), Pool 1 versus Pool 1+ 0.3A
(A against near-reference), and Pool 2 versus. Pool 1
+ 0.3A (A against far-reference). The high quality
of the data is indicated by the small number of false
positives in Figure 2A compared to the positives in
Figures 2B and C.

Figure 3 displays a two-dimensional clustering of the
logarithmic expression ratio data matrix of 2424 reporters
that were significantly differentially expressed with aP-
value <0.01 and more than 2-fold change (| log(ratio)| >

0.3) in more than 20 of the 88 experiments. We first note
that each duplicate pair of experiments clusters together
with a high similarity measure, leading to a perfect

959



Y.D.He et al.
L

og
(R

at
io

)
L

og
(R

at
io

)
L

og
(R

at
io

)

Log(Intensity)

A

B

C

Fig. 2. Sample signature plots for three different experiment groups.
(A) Control experiment [Pool 1+ 0.3A versus. Pool 1+ 0.3A],
(B) Profile against near-reference pool [Pool 1 versus Pool 1+
0.3A], (C) Profile against far-reference pool [Pool 2 versus Pool 1
+ 0.3A]. In all plots, we show data for all the probes and flag
signatures withP-value< 0.01 as red points for up-regulation and
green points for down-regulation with errorbars.

score FOM2= 1 for this data set from our baseline
processing (see Fig. 3). This includes experiments with
very subtle differential expression, such as those with
α = 0.01 and 0.02. We find that we also obtain
FOM2 = 1 when greater or smaller subsets (other
than 2424) of reporters are selected while clustering the
experiments, and when a Euclidean distance metric is used
instead of the correlation-based metric. To provide a more
challenging test of pattern matching, a mask is provided

with the published data set that will deselect the brightest
reporters. With this mask in place, FOM2 drops to 0.87
for the whole data set of 102 experiments when using our
baseline processing.

The striking rectangular pattern with strong differential
expression in Figure 3 is formed by experiments where
individual samples A through J were paired against the
far-reference pool (Pool 2); the systematic difference
between these samples and Pool 2 dominates the pattern,
as expected, and ratio profiles are similar at a correlation
level of 0.93 or above. This leaves a narrow dynamic range
from 0.93 to 1 for differentiating individual samples A
through J. Nevertheless, we find all duplicates paired up
and FOM2= 1 for this experiment subset. We return
below to more extensive application of FOM2.

Illustration of figures of merit for Type 1 application
Figure 4 shows the fraction of probes that were false
positive (FP) versus the fraction what were positives (FP
+ TP), as the thresholdP-value for declaring expression
differences is changed. Given the diversity of our samples
A through T, we averaged the number of positives for
a given P-value threshold over all 88 experiments. We
also averaged the number of false positives for the same
P-value threshold over all 14 control-type experiments.
The upper curve corresponds to baseline processing
where a fluor-reversed pair (FRP) of arrays is optimally
averaged (see Methods). The other curves show the
benefits that were obtained by combining the 2 two-color
arrays, and by using the two-color protocol rather than
a single color protocol with this technology platform. It
is worth noting that at a fixed normalized number of
false positives 0.0001, the normalized number of positives
is found to be 0.03 from a single two-color slide and
0.09 from an FRP. This factor-of-three improvement in
the detection sensitivity at the same specificity may be
compared to the rough doubling of cost associated with
performing the FRP. We also observed that the variance
reduction factor gained by using an FRP over a single
slide is larger than the

√
2 that would be expected for

uncorrelated errors, consistent with systematic biases that
depend on the gene and the fluorescent label. These
results confirm that the FRP is cost effective for this
technology.

Figure 5 is similar to Figure 4 but compares performance
obtained with probe level, exon level, and transcript level
detection. The lower curve is the same as the upper curve
in Figure 4. When hybridization data for multiple probes
representing the same exon are ‘combined’ into one data
point (see Supplementary information for details), the
resultant average is a more robust detection statistic, and
similarly for combining of exons into transcripts. We
note that alternative splicing can affect the ‘averaging’
from exon level to transcript level. Figure 5 shows
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Fig. 3. Two-dimensional clustering results. Logarithmic ratios of gene expression measured across probes (horizontal coordinate) and tissue
mixture pairs (vertical coordinate) with rows and columns reordered using hierarchical agglomerative clustering with correlation-based
similarity metric. As shown in color bar, red represents log(ratio)> 0, green log(ratio)< 0, and black no change. Gray denotes no valid data
points. Only the significantly differentially expressed 2424 reporters (columns) are shown. At the right side, we provide sample labels for a
subset of the experiments.

that at fixed sensitivity, specificity improves from probe
to exon level detection by a factor of 2, and from
exon to transcript level detection by a factor of 10
(normalized number of false signatures is 0.002, 0.001,
and 0.0001 respectively for probe, exon, and transcript
level detection). We used fairly simple algorithms for both
levels of combining (see Supplementary information);
more sophisticated methods will be the subject of a future
paper.

Illustration of figures of merit for Type 2 application

Table 1 lists FOM2 calculated at probe level detection
for two-color hybridization data from an FRP, for slide
#1 and slide #2 separately, for Cy3 channel data from an
FRP, and for Cy5 channel data from an FRP, based on all
probes on the array (upper part of table, 23 841 probes).
Wecalculated FOM2 based on pattern matching across the
whole data set of 102 independent experiments. Since it is
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Fig. 4. FOM1 for type 1 application. Normalized number of detected
expression changes versus normalized number of false positives,
for probe level detection. The horizontal coordinates are based on
the average over 14 control ‘same versus same’ experiments, while
the vertical coordinates are based on the average over 88 condition
pairs (44 done in duplicate) that were biologically different. Each
curve is parametrized by the confidence threshold for detection.
Upper curve: results based on measurements after combining each
fluor-reversed pair of arrays. Middle curves: results based on the
individual members of the fluor-reversed pair. Bottom curves:
results when using the two-color data as if it were single-color.
In this case expression differences were formed by comparing the
Cy5 channel of one member of the fluor-reversed pair with the Cy3
channel of the other, and vice versa. Vertical arrows indicate the
improvement in sensitivity at fixed false positive rate achieved in
going from a one-color approach to the two-color approach (lower
arrow) and in combining the fluor-reversed pairs (upper arrow).

an average over 102 similarity searches each of which can
have 101 different rank outcomes, it is a robust statistic.
Wealso computed FOM2 separately within each subset of
experiments: the near-reference pool group (10 duplicated
experiments), the far-reference pool group (10 duplicated
experiments), the ring (20 duplicated experiments) and
chord (four duplicated experiments) group, and the control
group (14 experiments). In these cases, there are fewer
profiles to produce false matches, so FOM2 cannot be
directly compared across the experiment groups.
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Fig. 5. FOM1 for probe combining. Similar to Figure 4, but showing
the gains from probe combining. Probe level data were after FRP
combining. Bottom curve is the same as the upper curve in Figure 4.
Middle curve is after combining the∼2 probes for each exon. Upper
curve is after combining the exons according to their associated
transcripts.

We can purposely make the task of pattern matching
more difficult by masking off the brightest probes in the
data set. Keeping only the bottom∼4% based on the sum
of Cy3 and Cy5 channel intensities on an FRP across all
88 experiments, we are left with 889 probes. We found
that FOM2 degrades as shown in the lower part of Table 1
after the masking. Nevertheless, it is noted that FOM2=
1 for the near-reference group based on FRPs or either
slide of the FRP. For the ring and chord group, only
FRPs lead to FOM2= 1. For the far-reference group,
none of the cases leads to perfect pattern matching. The
overall success of pattern matching based only on∼4%
of weak reporters is somewhat surprising, but shows the
power of the highly reproducible profiles from theIJS
platform. Similar calculations can be carried out for ratio
profile data at the exon level and transcript level, and
for expression level profiles appropriately normalized (see
Supplementary information).
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Table 1. Values of FOM2 pattern-matching performance obtained for
various cases

All profiles Near-ref Far-ref Ring+chord Control

# of hybridizations 204 40 40 96 28

All probes on array
1-color Cy3 0.49 1 0.95 0.70 0.12
1-color Cy5 0.37 1 1 0.43 0.13
2-color slide #1 1 1 1 1 0.11
2-color slide #2 1 1 1 1 0.12
2-color FRP 1 1 1 1 0.12

Probes after masking
1-color Cy3 0.06 0.33 0.16 0.10 0.17
1-color Cy5 0.03 0.19 0.17 0.05 0.14
2-color slide #1 0.73 1 0.54 0.89 0.13
2-color slide #2 0.57 1 0.83 0.64 0.13
2-color FRP 0.87 1 0.61 1 0.12

Values were estimated when applied to two-color ratio profiles from the
standard data set at probe level. FOM2= 1 is aperfect score. FOM2s may
be compared within columns, but it is not meaningful to compare across
columns.

Ring versus spoke sample referencing schemes
See Supplementary information for calculations showing
the loss of accuracy associated within-silico generation of
all pairwise profile comparisons, and how this loss affects
the choice of sample reference scheme.

DISCUSSION
The two figures of merit were carefully chosen to align
with the two ways in which researchers approach expres-
sion profiling: as highly parallel northern blotting of many
individual genes, or as patterns indicating cell state. The
Type 1 figure of merit focused on the trade off between
sensitivity and specificity. At a fixed (tolerable) false pos-
itive rate, it can be argued that the number of detections
is a rough measure of the information value in the data in
this Type 1 context. We found, for example, that repeating
a two-color experiment with fluor reversal delivered more
than twice the information value when measured this way.

The Type 2 figure of merit focused on the ability
to distinguish different expression patterns and identify
similar ones. The similarity rank of the nominally identical
profiles is roughly proportional to the time that will be
spent tracking down false leads generated by pattern
similarity observations, thus this figure of merit is closely
related to the cost effectiveness of the profile data in this
Type 2 context. It was somewhat surprising how well the
pattern matching performed: biological sample mixtures
differing by only 1% were reliably distinguished. The
robustness of pattern matching seems to be a fundamental
property achieved from averaging over a large number of
reporters.

We have presented just a few examples illustrating the
application of the standard data set and figures of merit,
including comparing performance of ring and common
reference experiment designs, showing the gains achieved
with replicates and fluor-reversal pairs in a two-color
protocol, and demonstrating the gains associated with
averaging multiple probes per exon, and multiple exons
per transcript. Although we concentrated on expression
differences, analogous analyses could be performed on
expression levels obtained from single channel data.

The objective comparison methodology and data
presented here can support a wide range of methods
development tasks, including the improvement of probe
sequence design, probe-specific error models and probe
combining schemes, detection of alternative splicing,
definition of similarity metrics, and image processing
of the original array images including background sub-
traction and normalization. The data set is relevant to
spotter technologies and to Affymetrix chips since the
IJS technology and the array design and hybridization
protocols chosen here have many aspects of both. We
hope the microarray community can use this framework
to generate illuminating head-to-head comparisons of
promising analysis methods and technology variations.
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