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‘The 39 steps’ in gene expression
profiling: critical issues and proposed
best practices for microarray
experiments

Sandrine Imbeaud and Charles Auffray
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Gene expression microarrays have been used widely to address increasingly complex
biological questions and to produce an unprecedented amount of data, but have yet
to realize their full potential. The interpretation of microarray data remains a major
challenge because of the complexity of the underlying biological networks. To
gather meaningful expression data, it is crucial to develop standardized approaches
for vigilant study design, controlled annotation of resources, careful quality control
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of experiments, robust statistics, and data registration and storage. This article
reviews the steps needed in the design and execution of valid microarray
experiments so that global gene expression data can play a major role in the pursuit
of future biological discoveries that will impact drug development.

) Despite great advances in deciphering the human
genome sequence, much of the natural world remains
to be explored at the molecular level. There is a gap
between the structure of the genome and biology,
as a vast majority of identified genes have as yet
unknown functions and roles in physiology or disease.

To understand gene function, it is helpful to know
when, where and to what extent a gene is expressed,
and under what circumstances its expression level
is affected. Traditionally, analysis of the regulation
and function of genes has been performed through
step-by-step studies of individual genes and proteins.
With the advent of large-scale biology triggered by
the Human Genome Project, it has become clear
that identification of global sets of gene transcripts
(the transcriptome) and proteins (the proteome) is
a necessary step, however insufficient towards under-
standing the inherent complexity of biological
systems, which requires a multi-disciplinary systems
approach [1].

Soon after the discovery of RNA in the 1960s,
assessment of RNA complexity was performed by
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DNA-RNA hybridization re-association kinetic meas-
urements. Array hybridization developed gradually
during the next two decades as a semi-quantitative,
semi-automated technology [2]. The conjunction of
novel chemistries, robotics and computation tools
brought array technology to a new stage of develop-
ment and to its explosive growth during the past
decade [3-5].

As the use of DNA microarrays expanded dramat-
ically, they became an effective tool and a standard
technique for gene expression profiling, allowing
interrogation of thousands of genes simultaneously.
Array technology found a wide range of applications,
such as experimental annotation of the human
genome [6], discovery of gene functions [7], analysis
of complex diseases [8,9], biological-pathway dissec-
tion [10], tumor profiling [10,11], diagnostic and prog-
nostic predictions for various types of cancers [10],
drug-target validation [10,12], biomarker identifi-
cation [10,13] and compound-toxicity studies [14].

However, although initially exciting, microarray
research soon became highly frustrating, generating

www.drugdiscoverytoday.com 1175


mailto:imbeaud@vjf.cnrs.fr

P
m

=
m

2

wv

[=]
o)
c
1)
=
A
[}
<
£
3
o
S
5
=
X
Q
m
-
wn

REVIEWS

DDT + Volume 10, Number 17 « September 2005

BOX 1

‘The 39 steps’ in gene expression profiling

Noo kWi e

» Experimental design

Objectives articulation
Resources allocation
Study design

Power and confidence
Pilot collection

Statistical design validation
Data collection

» Gene collection

* Array preparation

18. Instruments calibration
19. Slides printing and treatment
20. Quality controls (QC)

e Target synthesis
21. Spike RNA controls

22. Biochemical reactions
23. Quality controls and metrics

* Hybridization

* Knowledge extraction

33. Ratio- or intensity-statistics

34. Genes modules identification
(clustering and classification)

35. Functional annotation

36. Networks definition

37. ‘Omics’ integration
(inter-disciplinary validations)

» Data storage

g' Sreor;)ee?s?a\izg?)i 24. Hybridization and mixing 38. Datawarehouse o
. ) 25. Washing and drying (proprietary or public repositories)
10. Resources annotation 26. Quality controls (QC) 39. Data integrity and standards
11. Confidence metrics maintenance
12. Probe synthesis and purification « Data transformation

The following 39 steps constitute a guideline in gene
expression profiling to collect reliable measures, improve
knowledge extraction and facilitate information sharing.

13. Quality controls and metrics
27. Image acquisition

17. Quality controls and metrics

statistics of the measures

* Sample collection 28. Image segme_ntatlon L Five key sections are highlighted, which are reviewed in

_ 29. Data subtraction and filtering | his paper, including vigilant experimental design
14.  Sample selection ] 30. Data normalization (green box), controlled annotation of resources (red box),
15. Resources cataloguing 31. Data reduction (replicates) robust practical handling (blue box), knowledge extraction
16. Sample preparation 32. QC metrics, descriptive for identification of biologically-relevant information

(yellow box) and data storage and exchange with microarray
data standards and public repositories (grey box).

an uncontrollable flow of data that was extremely difficult
to manage and, in the absence of standards and public
data repositories, overwhelmed even the experts [15].
Thus, several questions were raised on its validity and
accuracy, even on its usefulness. Here, we review the 39
key steps that we have found essential for a generic quality
assurance process in gene expression profiling, based on
sound principles of careful planning, experimental design,
analysis and interpretation required to achieve the promise
of microarrays and to turn mountains of data into credible
and useful biological knowledge (Box 1).

Experimental design (green box, Box 1)

Properly designed microarray studies must begin and end
with the definition of well-characterized objectives and
associated experimental requirements [16]. R.A. Fisher
stated that ‘To call in the statistician after the experiment
is done may be no more than asking him to perform a
post-mortem examination: he may be able to say what the
experiment died of’ [17]. An experiment that is well
designed can be used to answer the questions that it is
specifically designed to address (hypothesis testing) but
also to mine for useful information that was not previously
anticipated (hypothesis generating).

The challenge is to identify differential gene expression
with a high degree of success and a low rate of false pos-
itives. Biological replicate measurements performed at the
population level, so that each replication represents RNA
from a different individual, improve accuracy of fold-
change estimates, thus increasing the chance of observing
biologically significant gene expression differences while
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decreasing error rate. The key, however, is to determine
which biological resources are needed and how much
replication is necessary and sufficient to address the
objectives of a study.

The number of independent samples needed is clearly
dependent on the particular biological model investi-
gated, the magnitude of anticipated biological variability,
the specific genes examined and the laboratory performing
the experiments. With this multitude of variables, it is
easy to generate a high percentage of false positives, lead-
ing to expensive and time-consuming validation. This is
aggravated by the high cost of microarrays and often by
the difficulty of obtaining biological or clinical samples
in large enough numbers or quantities. Thus, to avoid
data overfitting, it is essential to determine the required
sample size using two additional measures of statistical
reliability that include a chosen level of sensitivity (or
power, 1-8) and specificity (or confidence level, 1-a).
Approaching the problem in this manner is equivalent to
a classical power study used in clinical trials.

To date, very few studies have assessed power and sam-
ple size requirements in microarray experiments [18]. In
those reports, a representative subgroup of individual
samples is examined and results extrapolated to the whole
population. If the number of samples is not a faithful
representation of the population and its intrinsic variance
(Box 2), the distribution of parameters will be biased
toward those specific for the type of samples collected.
Reasonable estimates of parameters needed for subsequent
calculations are obtained through small-scale pilot exper-
iments or derived from similar studies.
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BOX 2

Sources of biological variations in gene expression
profiling

Biological variations are the largest source of non-systematic
error. Most biological samples contain cell mixtures of different
cell types, all of which might behave differently. In the case of
minor cell subsets, cell mixtures were reported to convincingly
mirror changes in gene expression profiles, whereas a greater
than 75% pure sample was found to be indistinguishable from
a 100% pure sample [66]. Even when genetically ‘identical’ cells
cultured under ‘identical’ conditions are compared, substantial
differences in gene expression levels are observed [67].Thus,
replicate arrays using the same RNA have limited value in
reducing total variability. In an effort to reduce the effect of
biological variations, some studies proposed isolation of
small numbers of cells of a common type or laser-controlled
micro-dissection (LCM) [66]; others have reported pooling
samples across subjects [68]. Pooled designs were attractive
because they have the potential to decrease cost due to the
fact that a large number of individual samples can be evaluated
using relatively few arrays. Recent strategies compromise
between pooling everything and only considering individual
biological samples on individual arrays [68]. However, reducing
the number of arrays often results in decreasing accuracy.

BOX 3

Sources of experimental variations in gene
expression profiling

Experimental variations come from undesirable systematic
error introduced during the many technical steps.One
common problem is handling errors such as accidental
exchange of different probes during array production, or
incorrect association with biological information (for
example: probe sequence, IDs, gene name) and quality
controls (e.g. sequence verification, probe purity, spot shape).
Significant changes in gene expression are also observed
during sample collection [69]; all attempts should be made to
process tissue both rapidly and uniformly. Then brightness,
relative binding affinity and concentration of the dye labels
often produce artifacts in gene expression measurements
[70]. Universally applicable approaches are the use of
exogenous control genes and experimental replications,
which will allow monitoring that the microarrays are working
properly [71].Reverse fluor replicates will be necessary to
interpret individual ratios from single dual channel array
experiments, whereas conventional approaches with a single
dye often result in over 20% of inaccurate conclusions.
However, performing both forward and reverse labeling
systematically for all the samples was reported to be
unnecessary [72]. Hybridization can highly influence array
hybridization and data reproducibility. Using current static
hybridization methods, diffusion transport of RNA targets
near probes is rate-limiting. Dynamic hybridization using
mixing by chaotic advection or periodic flow convection
significantly improves the molar and temporal efficiencies of
hybridization [73].

Annotation of resources (red box, Box 1)

Gene collection

It is vital that probe sequences selected for incorporation
into an array, their length and location, are chosen with
optimal sensitivity, that is, the ability of the probe to bind

strongly to its target sequence, and specificity, that is, the
inability of the probe to bind strongly to non-target
sequences, and then that these are well characterized and that
complete, accurate and up-to-date information is available.

Availability of a ‘complete’ sequence of the human
genome has yielded neither a proven method for gene
identification nor a definitive count of human genes [19].
Direct clustering of human expressed sequence tags (EST)
has predicted as many as 120,000 genes [20], whereas
sampling and sequence-similarity-based methods have
predicted far lower numbers, ranging from 27,000 to
35,000, and hybrid approaches an intermediate number
[21,22]. Thus, when novel genes are characterized and
new sequence information is identified, first-generation
microarrays become outdated and new ones need to be
constructed, allowing genome-wide coverage of gene tran-
scripts and functional pathways.

Despite the existence of rich public resources, no stan-
dardized method is available that allows the selection of
relevant clusters and corresponding representative sequences,
while avoiding selection of clones and/or sequences with
mistaken orientation and identity, due to inaccurate
annotation such as multiplicity in gene naming, redun-
dancy of gene sequences or phage contamination. Another
problem is that 5’ or 3' sequences derived from the same
cDNA clone can get distributed into different EST clus-
ters; conversely, it is very difficult to distinguish between
two genes that share a high degree of sequence similarity.
Numerous software packages developed for probe selec-
tion, mostly relying on the same BLAST algorithm, were
found to be non-intuitive, limited in flexibility and often
inappropriate when considering cross-hybridizing non-
target sequences (reviewed in [23]). If probe selection is
not optimized, DNA microarray hybridization can generate
false-positive data due to non-specific cross-hybridization
to highly similar sequences [23], gene families [24], or
alternatively spliced variants [25]. The time and effort
required to invalidate erroneous expression results due to
ambiguous array design and annotation (Box 3) would be
better spent if lists of genes coupled with probe sequence
information and comprehensive annotation, ranked
according to expected accuracy and confidence, were
available. Innovative strategies were recently presented
that incorporate gene position-specific scoring, use com-
posite probe design with multiple specific non-contiguous
subsequences or maximize efficiency of the duplex forma-
tion [26,27]. Furthermore, automated systems have been
proposed to standardize and improve array annotation
[28,29], emphasizing importance of biological database
synchronization and cross-referencing. The amount of
available annotations and assessment of reliability and
coherence between individual databases are also critical.
Therefore, it is a high priority to develop a scoring system
(Figure 1) considering both technology-related parameters
and genomic knowledge to rank all the information
collected for each probe from various databases.
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and operating procedures for cataloguing
each sample in an informative compara-
tive group of integrity, thus improving the
scheme of meaningful experiments.

Workflow of standard operating procedures for gene expression profiling. Quality controls (QC), key
steps and metrics that help building a decision tree in a workflow of Quality Assurance (QA) standard
operating procedures.

Sample collection
The quality of data obtained in a microarray experiment
is highly dependent on an adequate choice of the biolog-
ical sample collection in relation to the objectives pursued.
Integrity of the information on the samples is essential
to minimize artifactual detection.

Biological samples should be selected in close collabo-
ration with clinicians and biologists and coupled to

Practical robustness (blue box, Box 1)

Array preparation, target synthesis and hybridization
Microarray analysis represents a classic ‘precision in, preci-
sion out’ technology. Many factors influence extrapolation
from observed signal intensity levels to real gene expres-
sion levels. Although statistical power analysis is critical
in experimental design, it is also important to consider
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the stability of the results obtained, that is, the tendency
for the results to remain the same as the experimental
replication level is changed. Distinguishing between genes
that are truly differentially regulated and genes that are
simply affected by measurement errors remains a challenge.
Accuracy and reproducibility are essential and standardi-
zation with respect to the implementation of quality con-
trols is a desirable prerequisite. It will provide the confi-
dence to enable the full power of the experiments to be
exploited, although no single method has proven free
from ambiguity.

The problem of making microarray data more repro-
ducible is currently tackled from various angles, including
experimental logistics and procedures [34]. Variation can
be laboratory- and biological system-dependent and can
be divided into two major categories. Systematic errors
(Box 3) arise reproducibly as a result of experimental pro-
cedures, whereas non-systematic errors (Box 2) originate
from inherent biological variability. Data ‘normalization’
can help controlling some of this bias (reviewed in [35]),
but is often imperfect. Quality controls can be introduced
to detect ‘outliers’ or ‘contaminants’ that confound data
interpretation. Each laboratory needs to analyze the source
of variations in its data, and then assign weights to indi-
vidual factors when defining quality measures (Figure 1).

Data transformation

Ideally, a microarray system should measure gene expres-
sion levels in terms of natural biological units, such as
mRNA copies per cell with an estimated error model. In
practice, raw data are represented as an image generated
by measuring signals in defined areas (pixels) across the
entire hybridized area. Raw data are then transformed into
a defined unit by determining the molar relationship
between amplitude of a given array probe signal and its
corresponding target, based on the amount of array features
present and the DNA fragment sequence hybridized.

A key group of steps is the effectiveness of data trans-
formation that correspond to: (1) scanning the array
(image acquisition); (2) extracting raw intensities from
images and identifying the foreground ‘feature’ (image
segmentation); (3) correcting intensities for a variety of
defects that occur during manufacturing and processing
(data subtraction/filtering, e.g. perturbation of spot posi-
tions, irregular spot shapes, variable background); and (4)
adjusting data for bias effects accounting for part of
experimental and biological variations (data normalization).

Image acquisition and segmentation systems should
handle printing imperfections (e.g. irregular spots, blank
spots) and misplacement of array image patterns. Many
current methods and software packages offer automatic
image processing (reviewed in [36]). Though useful, such
softwares can introduce errors; for instance, misalign-
ments of spotted arrays can cause incorrect coordinates
to be assigned to each feature, as annotations are tracked
by grid coordinates. Subsequent visual inspections and

manual corrections are still necessary. Interestingly, an
unsupervised mathematical method establishes correlation
of intensities between arrays based on coordinates location
to determine if spot finding is done correctly [37]. Using
conventional segmentation methods (e.g. fixed and adap-
tive shapes or histograms), the greatest challenge remains
identifying whether or not a gene is detected at a given
spot, while dealing with artifactual and blank spots (reviewed
in [38]). A new model-based clustering of pixels method
was recently presented, which was found to be highly
robust [39].

Then, proper data subtraction and/or filtering and nor-
malization associated with appropriate quality controls
are essential (Figure 1). The problem of normalization has
already generated an enormous amount of literature
(reviewed in [35]) and is fast becoming a statistical disci-
pline in itself. Comparison of different methods available
(e.g. intensity-based and non-linear approaches) indicates
that complex methods do not necessarily perform better
than simpler ones [40], and that excluding weak spots
greatly improves normalization [41]. Conversely, few stan-
dardized models were proposed that provide a quantitative
approach for data filtering [42], although it would be
advantageous to attach quality metrics to each ratio to
capture expression variations (Figure 1). Such metrics
must be designed and implemented at an early stage of
the analysis because information is lost when ratios are
extracted from the image and forwarded to higher data
processing levels. Complete automation of those steps
might remove the need for human intervention [43]. The
key factor of success is that variations are understood, so
that they can be modeled.

Knowledge extraction for identification of
biologically-relevant information (yellow box, Box 1)
Biological knowledge is derived from gene expression
measurements, assuming that a set of gene products dis-
playing coordinated expression levels is involved in a
functional module, that is, a regulatory unit consisting of
a set of genes that are co-regulated in a specific cellular
context [44]. Extracting this information involves two dis-
tinct phases: first identifying the functional modules
through ‘ratio or intensity statistics’ and ‘genes modules
identification” and then understanding their roles through
‘functional annotation’, ‘networks definition’ and ‘omics
integration’.

Ratio or intensity statistics

The first step is now abundantly studied; approaches for
individual and combined processing and analysis steps
have recently been reviewed [45]. Considering A. Einstein
stated that ‘Everything that can be counted does not nec-
essarily count; everything that counts cannot necessarily
be counted’, the challenge is to distinguish genuine expres-
sion changes from background ‘noise’. The ratio-statistics
approach is often used because it is simple and intuitive
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[46]. A common difficulty is that there are thousands of
genes but only a small number of samples. Mathematically,
this problem is characterized by high data dimensionality,
resulting in a very complex multiple hypothesis-testing
problem (considering a 10K array, n=10,000 tests are per-
formed simultaneously; thus, for a 1% threshold, we expect
0.01x10,000=100 false positive genes). Numerous correction
procedures are available that focus on p-value adjustments
(reviewed in [47]), however, they rarely identify the cor-
rect number of differentially expressed genes. Re-sampling
tests with cross-validation (for example by permutation
and perturbation tests) were found to greatly help in
selecting and ranking genes for significance in differential
expression. Moreover, it is now known that simply using
fold changes is unreliable and inefficient, as a great deal
of valuable information can be contained in the absolute
expression levels, including the large number of those
of low magnitude [48].

Genes modules identification

The following and central step is the identification of
groups of genes that exhibit similar expression patterns,
as they are considered likely to be co-regulated [49]. The
expectation is that the clusters identified will point to rele-
vant sites of expression, functional and regulatory networks,
and normal or pathological functions in organs and
whole organisms (e.g. capturing portraits of the in vivo
transcriptome and deducing mechanistic targets) or discover
disease subtypes (e.g. cancer diagnosis and drug discovery).
Different clustering methods have been developed that
usually produce different solutions, but no objective
guideline is available [50]. Two essential aspects of this
problem are (1) to estimate the number of clusters and (2)
to allocate biological samples to these clusters, and assess
the confidence of cluster assignments for individual sam-
ples. Several strategies have addressed the first issue and
cluster validity indices have been proposed; then numer-
ous solutions have been presented to evaluate systematically
the quality of clusters [51,52]. Both approaches should
help to better define how to measure the similarity ‘dis-
tance’ that estimates the number of clusters, and where
to cut the cluster dendrogram to allocate biological samples
to clusters.

Among genes involved in the same regulatory processes
or functions, some genes were also reported not to dis-
play similar expression patterns [53]. Those genes will
be missed by traditional clustering techniques. To address
this problem, a second-order expression analysis was recently
suggested to extract essential features of regulatory networks
from multiple microarray datasets, while capturing com-
binatorial co-regulations for genes that do not exhibit
identical expression patterns (reviewed in [54]).

Functional annotation
The next phase of microarray data analysis requires sys-
tematic retrieval of functional information to identify the

1180 www.drugdiscoverytoday.com

general biological processes associated with lists of selected
genes. Unveiling the biological relevance of gene expres-
sion profiles is initially performed by reading relevant pre-
existing biomedical literature. Availability of published
literature describing genes and their functions in computer-
interpretable form is a potentially rich source of informa-
tion [55]. Given that there are currently >12 million
research articles registered in PubMed, this is extremely
challenging [48]. In the last few years, there has been a
lot of interest in analytical literature- and text-mining
tools that help finding the most relevant information.
Frequently, information retrieval incorporates keyword-
based approaches (reviewed in [55]). Such strategies often
suffer from several drawbacks and do not yet allow taking
into account user’s context, as the underlying processes
are static and not user-trainable. Synonymy, the many
ways in which to refer to the same object and polysemy,
the fact that a given word may have multiple meanings,
can hamper finding records that are truly related to the gene
analyzed (reduced call) and instead retrieve records that are
not related to the gene (reduced precision). As a result,
they sometimes produce misleading interpretations [56].

To overcome such problems, librarians and informa-
tion scientists developed the notion of controlled vocab-
ularies or ontologies (reviewed in [57]). Gene Ontology
(GO) has been recently developed for annotating genes
in various organisms [58]. It constitutes a standardized
nomenclature for expressing and sharing biological con-
cepts, and formalizing knowledge about biological processes,
molecular functions and cellular components. Information
is structured into highly interconnected hierarchical struc-
tures that reflect relationships between GO terms and
associated genes [58]. Relationship is one to many (a GO
term can have multiple parent terms), as gene products
can be involved in several processes, or carry out multi-
ple molecular functions in alternate cellular locations.
Several dedicated tools have been developed that link
microarray experimental data to GO terms in an automated
way (see Gene Ontology website: www.geneontology.org/
GO.tools.shtml).

This opens new perspectives in functional annotation
to quantify the difference between terms associated with
gene clusters by scoring them according to the functional
coherence of corresponding gene groups. Recent studies
reported that GO functional groups can be used as a frame-
work for numerical clustering to create more meaningful
clusters [59].

Networks definition and ‘omics’integration

The next step is to relate gene expression patterns with
physiology, pathology or clinical outcome, through the
functional networks and regulatory mechanisms in which
the relevant genes are involved. Due to underlying net-
work complexity and combinatorial expansion in the
number of potential network structures, available methods
often decompose networks into basic functional and
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structural units. For instance, biological pathways are net-
works of relationships between biological entities, which
were established steadily through a century of biochem-
istry and molecular biology. With the advent of genome-
scale biology, systematic cataloguing and storage of path-
ways has recently gained increasing importance. A wide
variety of resources and tools exists to display pathway
information, enabling presentation of microarray data in
the framework of documented biological pathways [60].

As actual knowledge about biological networks is often
incomplete, exact solutions will not be determined, but
a solution space can be generated, containing all possible
cellular functions that are consistent with the information
assembled and the biological context. This constitutes a
starting point for inferring new knowledge by integrating
other ‘omic’ spaces, based on data from additional tran-
scriptomic, genomic, proteomic, metabolomic, phenomic
or other studies, and forms the basis for data-driven
hypothesis generation and independent verification
processes of biological significance [61-63].

Data storage, benefits from microarray data
standards (grey box, Box 1)

Microarray datasets are valuable only if they are anno-
tated by sufficiently detailed but ‘not too many’ experi-
mental descriptions. In many databases, a substantial
number of these annotations are stored in different formats,
levels of detail and locations [64]. It is often in a free-text
format, which is not readily accessible for multivariate
statistical methods, and few of them can ‘talk to’ each
other. Thus it is virtually impossible to conduct data
analysis across these databases.

Expression profiling data should be made fully available
in a standardized way using community-defined vocabu-
laries in a form that allows the basic conclusions to be
evaluated independently. As for DNA sequences, it will
guarantee the compatibility and comparability of data
across different projects. With MIAME, the Microarray
Gene Expression Data (MGED) Society (www.mged.org)

generated using microarrays and computational
approaches. Genome Biol. 5, R73
7 Joshi, T. et al. (2004) Genome-scale gene

has proposed a standard to describe the minimum infor-
mation required to unambiguously interpret and verify
microarray experiments. It was published in December
2001 [30] and was finally adopted in the summer 2002
by an increasing number of publishers (for example:
Nature Publishing Group, Oxford University Press, Biomed
Central). Over the past three years, such standards have
been adopted generally and used widely in public resources
and are increasingly implemented by companies whose
products are related to microarrays. In addition, as an
effort to make public availability of microarray data com-
pulsory for publication, researchers are urged to deposit
experimental data into a public repository such as the
Gene Expression Omnibus (GEO) at NCBI, the Stanford
Microarray database, ArrayExpress at EBI or the Center for
Information Biology gene Expression Database (CIBEX)
at DDBJ [65]. Accessibility to microarray raw data will be
instrumental to approach the level of standardization nec-
essary to realize the full potential of expression profiling data.

Conclusion

Microarray technology represents an increasingly powerful
but not fully mature research tool for gene expression pro-
filing. Strategies for the management and interpretation
of the vast amounts of data generated are under intensive
investigation, using a plethora of statistical and compu-
tational methods. Careful study design and standardiza-
tion are essential to enable collection of reliable measures
of gene expression, and to allow meaningful comparisons
across platforms and conditions. This is a prerequisite to
realize the full potential of the technology to contribute
to a systems approach towards understanding biological
complexity and to the development of novel therapeutics
to tackle human diseases.
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