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Abstract

The analysis of expression signatures is a powerful tool for the classification of cancer and other tissue samples. Several protocols
and platforms are available on the market, and these lead to both confirmatory and complementary results. We review the main
processing techniques for cross-platform comparisons and the different tissue sources for cancer profiling. Some examples and
the cross-interpretation of bibliographic data related to prostate cancer are also presented.

© 2004 Elsevier Ltd. All rights reserved.
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1. Introduction

In recent years, new and very effective techniques
have appeared that allow the detection and global ana-
lysis of gene expression. Several protocols for RNA
extraction and processing are commercially available.
These have different platforms that rely on the same ba-
sic principles, but lead to slightly different results that
need correct processing and interpretation. The power
of high-throughput techniques is unquestionable, and
interesting and astonishing results have already been ob-
tained. However, procedures are not yet standardised,
and reproducing data within different laboratories re-
quires rigorous guidelines for both the experimental
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and analytical processes. These should allow the
achievement of platform-specific standards and enable
data to be compared across different studies. For recent
examples of gene-expression analyses, see Refs. [1-4].
In this paper, we describe the more diffuse platforms
that are available for global gene-expression analyses.
Some data-processing techniques with a focus on nor-
malisation that can make the data comparable between
arrays and platforms are also detailed. Whatever the
technology chosen for global gene-expression analyses,
replication is both important and necessary. Therefore,
we focus on assessing replication reproducibility, within
and between arrays. The next section is dedicated to
cross-platform comparisons between single- and dou-
ble-channel data. Then, we review the main sources of
tissue, protocols and reference samples that can be used
for the global gene-expression profiling of prostate can-
cer, and we explain the concepts by some examples. The
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first refers to a cross-platform comparison of gene-ex-
pression profiles that we obtained from two prostate cell
lines (LNCaP and PC-3) using Affymetrix chips and
Agilent oligo-arrays. In the second example, we focus
on the cross-interpretation of gene-expression data using
online databases and data-mining tools.

We believe that cross-platform experiments, in partic-
ular those performed in different laboratories with
standardised protocols, are extremely powerful in con-
trolling for the main sources of variability and obtaining
more reliable results.

2. Description of the different platforms for global gene-
expression analysis

To be able to choose the tool that is the most suitable
for a gene-expression study from the different technolo-
gies, it is necessary to evaluate critically several plat-
forms that allow gene-expression analysis on a global
scale.

Different array providers offer ‘know-how’ and con-
tinuously improved instruments for the determination
of gene-expression profiles. A technology often identi-
fied by the name of the company that was the first to de-
velop is Affymetrix. The principle of this platform is to
hybridise biotin-labelled antisense cRNA amplified from
sample mRNA on a probe array. The probe array con-
sists of thousands of probe sets. Each set corresponds to
a unique transcript, and contains 16 to 20 probe cells
that are 25 mer oligonucleotides designed at several
locations of the transcript. In order to quantify the
non-specific hybridisation on each probe cell, a miss-
match (MM) probe cell is coupled to the perfect-match
(PM) one. The second most diffuse technology is the
glass array one.

With the Affymetrix technology; one oligo-chip per
sample is used, while the glass-array technology utilises
one glass array for the simultaneous hybridisation of
two populations of antisense cCRNAs or ¢cDNAs ob-
tained from two samples (reference and assay) and la-
belled with the fluorescent dyes Cy3 and Cy5. A glass
array consists of thousands of spots that contain mil-
lions of copies of a 60-90 mer oligonucleotide whose se-
quence is unique and specific to the gene of interest.

2.1. Single-channel and double-channel data

The fluorescent molecules hybridised on a spot or a
probe set are excited by a laser, and thereby emit light
whose intensity is proportional to their concentration
on the spot or set. Unlike the Affymetrix technology, flu-
orescent molecules on glass arrays are excited by two la-
sers and emit lights at two wavelengths, which are both
recorded. Therefore, single- and double-channel data
are obtained from Affymetrix and glass-array platforms,

respectively. All the signals from all the spots/probe sets
are collected and registered to generate an array image.

Therefore, besides different hardware, the images also
have different characteristics, and need to be analysed by
suitable software to extract the expression information.
The result of the image analysis is a text file in which
each gene present on the array is linked to some biblio-
graphical annotations and to one or two quantified flu-
orescence levels (intensity signals).

Affymetrix files also contain information about the
robustness of the data, such as a detection value (P for
‘present’, A for ‘absent’ or M for ‘marginal’) and a statis-
tical indicator. Equivalent information could be ob-
tained from glass-array platforms. After applying
filters (as will be described later on), the degree of
robustness of data from both platforms is similar, and
only ‘sure’ genes will be further analysed. More than
one hybridisation is usually performed, normally with
a dye-swap scheme for glass arrays, to increase the data
significance and eliminate biases.

3. Data processing
3.1. Quality filtering and systematic effects

The raw data from glass arrays or oligo chips need to
be filtered in order to remove low-quality signals.

Quality filtering is usually implemented during the
image-analysis step, using criteria such as intensity level
and homogeneity or, for glass arrays only, spot-size
parameters (diameter, circularity and perimeter) [5,6].
If intensity signals are below zero (after local back-
ground subtraction) for the reference and assay samples,
the spot/probe set is removed from analysis since it con-
tains no information and may affect the normalisation.
All the signals below or very close to zero (marginal)
in only one sample are generally replaced by one arbi-
trary minimum intensity value. This procedure dramat-
ically improves data homogeneity.

Systematic effects are effects intrinsic to a technology
that may perturb the acquisition and/or the analysis of
data. For instance, dye-incorporation efficiency depends
on the dye steric dimensions and on the transcript se-
quences; hybridisation efficiency is affected by the
amount of oligo probes immobilised on an array during
its fabrication, the amount of labelled molecules used
per array, the local temperature and humidity in the
hybridisation chamber, and/or by the preferential
hybridisation of Cy3- or Cy5-labelled molecules on
some spots; and image acquisition may be biased by
the local curvature of the array surface and/or by the
detection efficiencies between the fluorescent dyes.

To assess the dye effect on the labelling efficiency (for
a given sequence, the incorporation of the fluorescent
dye varies according to the type of dye: Cy3 or Cy))
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and the gene effect on the labelling efficiency (for a given
fluorescent dye, the fluorescent dye incorporation varies
according to the gene sequences) in the glass-array tech-
nology, self-to-self and/or dye-swap experiments could
be performed. In the self-to-self experiment, the same
cRNAs are labelled with both fluorescent dyes and
hybridised on one glass array. When there are no dye
or gene effects on labelling efficiency, data are distrib-
uted as shown in Fig. 1(a). In dye-swap experiments,
cRNAs from reference and assay samples are first la-
belled with both fluorescent dyes. Then, the reference
Cy3-labelled and the assay CyS5-labelled cRNAs are
hybridised on one glass array, while the reference Cy5-
labelled and the assay Cy3-labelled cRNAs are hybrid-
ised on a second array. In the absence of a dye effect
on labelling efficiency, the distribution of data should
be the same in the two experiments (Figs. 2(a) and
(b)). All the genes whose labelling efficiency is biased
by the dye or gene effect are filtered out.

3.2. Normalisation

In addition to systematic effects, experimental effects
may interfere with the data analysis. For instance, une-
qual amounts of labelled cRNAs/cDNAs, or laser volt-
age settings [7], may modify intensity measurements. To
eliminate these biases and to compare data obtained
from replicate experiments or from two different plat-
forms, data need to be normalised.

Several normalisation methods using different ap-
proaches have been proposed. They are based on simple
assumptions, such as an equal amount of starting mate-
rial (i.e., mRNA) from all the samples; the array con-
tains a gene collection representative of the human
genome. As pointed out by Yang [8], the first step is
to decide which genes will be used for normalisation.

If the numbers of up- and down-regulated genes are sim-
ilar and represent a small proportion of the entire gene
collection of the array, the normalisation factor is calcu-
lated by using that entire gene collection. Otherwise, it
could be calculated by using a selected subset of the ar-
rayed genes, such as housekeeping genes or a subset of
non-differentially expressed genes (rank-invariant ap-
proach) [5,9,10]. Two main normalisation approaches
have been proposed: global normalisation [8] and inten-
sity-dependent normalisation, with linear [8,11] or non-
linear [8,12] dependence.

In the global approach, normalisation factors are cal-
culated assuming that the total signal intensity summed
over all the selected elements in the arrays should be the
same for each sample, or that the mean or median inten-
sities should be the same within each sample on a single
array or across all arrays. In a logarithmic scale, this
means that the log-ratio distribution centre is shifted to-
wards zero, but its spread is not affected by
normalisation.

Intensity-dependent normalisation is based on the
fact that the M values (M = log?2 ratio of assay over ref-
erence signal intensity) systematically depend on the sig-
nal intensities. This fact most commonly appears as a
deviation from zero for low-intensity spots, as evidenced
by several reports [5,8,13] and shown in Fig. 3(a). There-
fore, these approaches aim to return to the condition of
the ideal experiment, when it is expected that A = 0 for
non-differentially expressed genes and that data distribu-
tion is as in Fig. 3(b).

In general, these methods calculate regression func-
tions written as M =« for global normalisation and
M =c(4) for intensity dependent normalisation
(A = mean of log?2 signal intensity).

¢(A) can be estimated by using the locally linear
regression function Loess [8,11,14] (linear approach),
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Fig. 1. Plots of log?2 ratios (M) vs. mean log?2 intensities (A4) in self-to-self experiments. (a) The data distribution should ideally be symmetrical with
respect to the x-axis and within the two dashed lines of the M—A4 plot; however, a wider scatter is often seen at low intensity values. (b) and (c) Dye
effects can cause the data distribution to shift and no longer be symmetrical. (d) Gene effects can cause some M values to fall outside the lines.
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Fig. 2. Schematic M—A plots of a dye-swap experiment: when labelling inversion works, data plots are symmetrical.
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Fig. 3. Examples of M-A plots related to assayreference gene-expression comparisons. (a) data distribution is affected by a Cy3 dye effect at low
intensity values that can be corrected by applying an intensity-dependent normalisation algorithm; (b) data need no transformation.

or by the locally-weighted linear robust smoother Low-
ess [8,12,14] (non-linear approach). The underlying idea
is to approximate an unknown function as a polynomial
regression with gradually varying coefficients, generalis-
ing the intuitive idea of smoothing by using a moving
average. This method prevents deviant points from dis-
torting the regression. Lowess normalisation differs
from Loess because it de-emphasises the contributions
made by data from array elements that are far (on the
M-A plot) from the interpolated mean curve.

All these normalisation methods can also be applied
separately to each grid on the microarray to keep in ac-
count spatial effects (within print-tip group normalisa-
tion) [15]. This approach assumes that differentially
expressed genes are scattered all across the array and
not concentrated within specific areas. It corrects for sys-
tematic spatial variation in the array related to spotting
pens, variability in the array surface, and slight local dif-
ferences in hybridisation conditions, and thereby shifts
the centres of the subarray log-ratio distributions to zero.

In general, intensity-dependent normalisation reduces
the spread of the log ratios compared with global nor-
malisation. Combined with a within print-tip group
scale normalisation, the spread is further reduced, but
it can still be non-homogeneously distributed. In fact,
whereas the normalisation approach adjusts the mean
of the log-ratio measurements, local random variations
can cause the variance of the measured log ratios to dif-
fer from one region of an array to another or from one
intensity range to another. Therefore, Yang and col-
leagues [15] have proposed scaling methods to reduce
variability within and between arrays. Basically the log
ratios are divided by scaling factors in order to obtain
the same variance of log ratios all over the array

[8,16]. This approach assumes that the within print-tip
group or intensity-dependent log ratios follow a normal
distribution with a mean equal to zero and a variance
equal to the product of the variance of the true log ratios
multiplied by the within-tip group or the intensity-de-
pendent scaling factor. This method may also be used
for comparing data from replicate experiments or across
platforms, since the spread of the log ratios may differ
from one array to another.

3.3. Recent normalisation approaches

Starting from these first-developed algorithms (glo-
bal, intensity-dependent, variance regularisation), more
complex approaches were developed such as the win-
dow-iterative normalisation [17], the robust non-linear
method [18], or an iterative application of the non-linear
function Loess combined with a smoothing function for
background correction [19]. Statistical models have also
been proposed to normalise data [20-22]. They could be
powerful tools only if the assumptions of the chosen
model are verified. In their recent review, Park and col-
leagues [23] compared several normalisation methods.
They showed that the intensity-dependent normalisation
performs better than simpler global normalisation in
many cases, but the non-linear intensity-dependent pro-
cedures and the linear intensity-dependent methods
share similar performances. Park and colleagues con-
clude that complex methods do not necessarily perform
better than simpler ones when they are used for microar-
ray studies. In fact, they may add bias if the assumptions
are not satisfied and, more in general, the fact that a
non-linear approach adjusts better an M-A plot is not
really evidence that the method is not just fitting ‘noise’.
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However, several groups have developed new methods
that improve data normalisation. For more details on
glass-microarray normalisation, Smyth and Speed [24]
have recently described a variation on Loess normalisa-
tion that consists of a global Loess normalisation, and a
two-dimensional normalisation and composite normali-
sation methods. Among the other novelties on normali-
sation, Faller and colleagues [25] propose an iterative
non-parametric non-linear normalisation scheme called
simultaneous Alternating Conditional Expectation
(sACE), which reduces the number of false-positive calls
(by 57% in 12 experiments with six repeats). Wilson and
colleagues [26] present non-linear normalisation
techniques dealing also with smooth spatial trends in
intensity. They test this method on a new type of
glass-microarray experiment that is increasingly used,
the small-scale speciality or ‘boutique array’, where a
large proportion of the genes on the microarray are
expected to be highly differentially expressed.

4. Replication

Several studies have emphasised the need for techni-
cal and biological replicates to increase the reliability
of microarray results [27,28]. Indeed the design of exper-
iment (DOE) is one of the first and most relevant steps
within the planning of genome analyses [29-32]: con-
cepts of randomisation and replication [33,34] should
guide the array layout (the spatial arrangement of the se-
quences) and the sample allocation.

4.1. Replicated spots

Multiple spotting of an oligonucleotide on an array
provides a means of assessing the data quality for the se-
quence of that oligonucleotide. In an analogous way,
multiple nucleotide sequences referring to the same gene
(as in Affymetrix probe sets) provide an internal check
for the specificity of the hybridisation binding. On
glass-slide platforms, the basic idea is to detect and filter
out poor-quality genes using measurements from multi-
ple spots [5,6,8]. In general, if each gene is spotted more
than once on the slide, the coefficient of variation (CV)
(i.e., standard deviation (SD) divided by the mean) of
the set of Cy5-Cy3 ratios may be used as an index of
quality for each spot, with spot quality being inversely
related to its CV. An interesting windowing procedure
[5] suggests to drop out unreliable spots within replicates
and keep reliable ones for subsequent analysis, therefore
avoiding any loss of information.

4.2. Replicated arrays

Lee and colleagues [28] point out that many genes are
misclassified in replicated experiments and that false-

positive results usually dominate. They also show how
the classification precision varies with the number of
replicates. A single replicate may appear to have a low
misclassification percentage relative to other replicates,
but it is evident that the reliability cannot be anticipated
in advance. So, it is very important to ensure there are
enough replicated arrays within the experimental design
[20,21,35].

However, microarray log ratios from replicated
experiments have to be treated in a slightly different
way than with the traditional statistics applied to repli-
cation. As evidenced by Lonnstedt and Speed [36], large
standardised averages (¢) could arise because of small
standard errors (that is a desirable endpoint), even
though the mean itself is small. In reality, because of
the huge number of genes on each arrayj, it is quite prob-
able to find genes with very small standard errors, but
only some of them have non-small means. Tusher and
colleagues [37] therefore propose a refinement of ¢, by
adding a constant term to the denominator of the stand-
ardised average, thus avoiding the issue that the denom-
inator gets too small. In one report [38], the 90th
percentile of the standard errors of all the genes is sug-
gested as a constant term to add.

Bayesian approaches have also been used to develop
hierarchical linear models of observed log ratios. They
incorporate prior knowledge generated from calibration
experiments to construct prior distributions of the mod-
el parameters [5,28] and obtain a different adjustment of
the standardised average.

5. Common-sequence alignment

Each support available for microarray analysis con-
tains specific transcript sets, both for the kind of genes
and for the sequences that represent them. To compare
results from two platforms, it is necessary to be able to
identify the genes represented on both.

Helpful bioinformatics instruments (http://pga.ti-
gr.org/tigr-scripts/magic/r1.pl) allow us to interrogate
specific databases for the comparison of different kinds
of array.

Before any comparison, it is necessary to explain the
meaning of two codes that usually accompany a given
transcript. The UniGene ID (es. Hs.191446) is the most
general identifier for a gene, while the GenBank Acces-
sion Number (es. AB005217) is an alpha-numerical code
representing a specific nucleotide sequence of a gene.
More than one GenBank Accession Number could indi-
cate the same gene.

When we consider data from two different technolo-
gies, it is very important to decide at what level the com-
parison has to be made. If any difference is found
between the results obtained from the comparison made
at the UniGene ID level and those found by comparing
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unique Accession Numbers, this could be due to low-
quality sequence selection in any of the platforms or it
may be a reflection of differential splicing.

6. Different tissue sources, references and protocols
6.1. Tissue sources

Sample choice is the first point to define in the DOE,
since each sample must be representative of one popula-
tion, homogeneous and stable.

Tissue samples from patients are not always easy to
collect, but they are one of the solutions mainly adopted
because they represent the situation in vivo.

In order to avoid rapid degradation of the material,
samples are usually snap-frozen in liquid nitrogen, even
though this procedure does compromise the fine mor-
phology of the tissue. Therefore, depending on the use
of material (for example, laser-capture microdissection;
LCM), alternative procedures (such as RNA later or
zinc fixation) may be adopted that still prevent RNA
degradation and preserve tissue morphology.

Studies on whether the processing time may influence
the gene-expression profile for prostate tissue samples
have indicated that ischaemia, which occurs during the
interval between radical prostatectomy and sample col-
lection, can alter gene expression-activating pathways
involved in hypoxia [39].

Paraffin blocks are also preserved for many years in
tissue archives. However, their use for global gene-ex-
pression analyses is not recommended, since RNA can
be degraded by cross-linkage with formalin [40], even
though new protocols and ad hoc-designed oligos re-
cently set conditions that might overcome this problem,
and Schoor and colleagues [41] demonstrate that moder-
ate RNA degradation does not prevent microarray ana-
lysis of small amounts of RNA.

The heterogeneity of cellular populations within
some tumours, such as prostate cancer, which is charac-
terised by multifocality and different degrees of malig-
nancy, is the main limitation on the use of tissue
samples. It is possible to solve this problem either by
establishing a required threshold that the tumour sample
must satisfy to be included in a study (for instance, it
should contain more than 75% of malignant cells) or
by using manual or computerised LCM to isolate homo-
geneous subpopulations. Both solutions have pros and
cons.

A good approach is to couple global gene-expression
studies with a rather new technology, called tissue array,
that joins traditional techniques (immunohistochemistry
and in situ hybridisation) to the simultaneous analysis of
hundreds of samples that represent different organs, tu-
moral and normal areas of same tissue or various stages
of the same pathology [42]. Small cylinders from archi-

val, paraffin-embedded tissues are included in a new par-
affin block according to a precise plan, cut in sections of
variable thickness and deposited on slides. The main
limit is the small dimension of the sections, which may
not portray the whole tissue [43,44].

On the other hand, cell lines or primary cultures rep-
resent easily available sample sources for in vitro studies.
In prostate carcinoma, the more used cancer cell lines
are: LNCaP (an androgen-sensitive cell line established
from the left supraclavicular lymph node metastasis of
a 50-year-old man with prostate carcinoma in 1977)
[45], PC3 (an androgen-insensitive cell line established
from the bone marrow metastasis isolated post-mortem
from a 62-year-old Caucasian man with grade IV poorly
differentiated prostate adenocarcinoma after androgen
suppression therapy) [46], and DU145 (established from
the tumour tissue removed from the metastatic central
nervous system lesion of a 69-year-old man with pros-
tate carcinoma in 1975) [47]. These cancer cell lines rep-
resent progressive stages of the disease, and are
reproducible and comparable models. However, it is
important both to be aware that cell-culture conditions
do not reflect the cell environment within a tissue and
to be sure about the origin and characteristics of the
cells [48].

6.2. Reference samples

The choice of a reference sample fundamentally de-
pends on the biological question upon which the exper-
iment is based, but also has more practical
considerations such as its homogeneity, stability and
abundance. Either commercial or laboratory-prepared
references of various natures and origins (surgical speci-
mens, biopsies, cell lines) can be used.

In the DOE for a tumour-profiling study, it must be
established whether to compare various stages of the
same pathology (for example, androgen-sensitive and -
insensitive samples of prostate carcinoma) or to com-
pare tumour samples with normal ones. In this case, it
is necessary to define what is a normal sample: a sample
from a healthy man (difficult to find) or from the same
patient but near to the carcinoma, or a sample affected
by hyperplasia or benign tumour (easier to find, but
not ‘normal’). Furthermore, there is another issue to
consider, tissue complexity and heterogeneity: within
the tumour there are cells with different levels of matu-
rity (such as tumour stem cells or low/highly differenti-
ated cells). Various strategies can be adopted in
tumour-profiling studies and RNA samples can be com-
pared with:

e a pool of RNA obtained from all the samples (cell
lines or tissues) tested in the experiment — in this
way the different expression of a sample with respect
to the mean is evidenced;
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e a pool of RNA obtained from normal tissue collected
in the study — the main limit is that the reference does
not have standard characteristics and derives from a
small number of samples [49];

e a commercial organ-specific reference — a pool of
RNA obtained from a specific organ of healthy
donors (information about donors may not be
exhaustive, but results can be easily compared
between laboratories);

e a human universal reference — a pool of total RNA,
extracted from a collection of different tissues repre-
senting the whole organism, or from cell lines repre-
senting different human tissues to ensure a broad
coverage of human genes (the pool does not allow a
specific organ analysis; in this way specific organ
genes can be understimated).

6.3. Protocols

The choice of a protocol depends principally on the
aim of the study, but also on duration and economic
considerations.

In gene expression-profiling studies with oligo-mic-
roarrays the main steps are: RNA extraction (where
the kind and the amount of sample influence the yield
of reaction), RNA amplification (which must be linear
to maintain proportions between different mRNAs),
labelling (direct or indirect, or with dendrimer) [50,51],
qualitative and quantitative RNA analysis (to verify
RNA integrity, and estimate amplification, labelling
and sample concentrations), and hybridisation. Slight
changes between protocols or within the same one (for
instance, different amplification protocols, simultaneous
sample labelling or not, etc.), could lead to different re-
sults [52]. However, we recently made an interesting
comparative hybridisation of two aliquots of the same
sample, one amplified for 4 h and the other for 14 h,

and found that no significant changes in gene expression
could be detected. As shown in Fig. 4, genes with an
expression ratio larger than 2 can only be seen for low
intensity values, where variability is usually higher. By
applying local variance regularisation, significant
changes are no longer detected.

In any case, data analysis and experimental proce-
dures are still not standardised, and therefore it is neces-
sary to report carefully all the steps adopted. Minimal
information about a microarray experiment (MIAME)
guidelines [53] are very useful for comparability and
reproducibility of experiments within different
laboratories.

7. Cross-platform comparison of LNCaP and PC-3 data

All the techniques described above (replication, com-
bination of different normalisation algorithms, intensity-
dependent variance regularisation, common-sequence
alignment, platform-correlation assessment) were ap-
plied to the comparison of gene-expression levels be-
tween two prostate cancer cell lines.

The differential expression of the two cell lines
(LNCaP and PC-3) was evaluated by two separate lab-
oratories using the same RNA samples on two different
microarray supports: Agilent Oligo Human 1.0 A Glass
Array (22575 spots) and Affimetrix Human U95 Av2
Biochip (12626 probe sets). Without considering control
spots or replicated sequences, the number of unique rep-
resented UniGene Clusters is 15444 in Agilent and 8305
in Affymetrix, while the number of different GenBank
Accession numbers is 15939 in Agilent and 11334 in
Affimetrix.

This comparison was made because LNCaP cells rep-
resent an early stage of prostate cancer, in which cells
are still sensitive to androgens, while PC-3 cells repre-
sent a more aggressive tumour that does not respond

12 14 16

A

Fig. 4. M-A plot of a comparative hybridisation, in which one sample has been amplified for 14 h and the other for only 4 h. Only low-intensity
spots, which usually are the most variable, show a slight differential expression. No data normalisation has been applied.
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to hormone therapy. This study was part of a larger
experiment in which the LNCaP and PC-3 cells were
used as the reference, the assays being LNCaP and
PC-3 modified cells in which the expression of a selected
gene was amplified by viral transfection.

Therefore, while the Affymetrix data derived from
separate chips for LNCaP and PC-3 cells, the Agilent
data derived from result files (related to comparative
hybridisations) from which only reference intensity lev-
els were extracted.

However, it was, possible to separate the two fluores-
cence channels and analyse them as if they came from
different chips. The fundamental idea supporting this
approach is that there are no interactions between the
two labelled probes when they are put on the same slide
for the hybridisation. This is possible because the num-
ber of oligo sequences in each spot is higher than the
number of labelled targets that could match them
(non-competitive reaction).

Therefore, we collected the separated fluorescence
values of the reference channels and applied a series of
filters to eliminate genes that did not respect quality cri-
teria. Global normalisation was performed to get the
intensity medians to a common value, then an intensi-
ty-dependent normalisation using the Loess function
and local data scaling was applied. The ‘span’ variables
that determine the smoothness of the robust local
regressions (which estimate the local mean log ratio
and SD) were set to 0.6, whereas the ‘trim’ variables that
determine the proportion of the most extreme values in
the data (which are ignored in this estimation) were set
to 0.1.

The transformed expression values of replicates (two
for Affymetrix and two, with dye swap, for Agilent) were
then averaged, and the subset of common genes between
Agilent and Affymetrix was considered for the cross-
platform comparison study.

The research for common genes was done using the
RESOURCERER software  (http://pga.tigr.org/tigr-
scripts/magic/r1.pl): 6876 UniGene Clusters present on
both platforms were found.

To estimate the correlation between Agilent and
Affymetrix results, we used two different methods.

The first was the analysis of the concordance between
the normalised expression values (Z-scores) obtained
from the two technologies. As we see in Fig. 5, the scat-
ter plot of Affymetrix vs. Agilent Z-scores shows a fair
concordance between the results for the two platforms.
This is a good result, considering that the experiments
were done in different laboratories and that two channel
intensities were taken separately.

A more thorough analysis of the concordance be-
tween the two platforms would involve assessing the sig-
nificance and the estimated order of magnitude of the
platform effect in a linear model accounting for all differ-
ent sources of variability and verifying that the genes

identified as differentially expressed by the two plat-
forms are mostly the same. Therefore, we evaluated
the number and kind of genes with significantly different
expression in the two cell lines, extracted using the same
extraction criteria for Agilent and Affymetrix data. Ex-
tracted genes with equal behaviour (total agreement)
in the two platforms, different behaviour (total disagree-
ment) or found to be modulated by one platform only
were evaluated. The threshold Z-scores used to consider
a gene as being differentially expressed in PC-3 wvs.
LNCaP were 1.96 for upregulated genes and —1.96 for
downregulated. The results of this analysis are presented
in Fig. 6: for only three genes is there complete disagree-
ment, while 207 genes were found to be differentially ex-
pressed by both technologies, 369 were modulated by
Agilent and borderline (same sign but below the thresh-
old) with Affymetrix, whereas 251 were modulated by
Affymetrix and borderline with Agilent.

As a control, we checked the gene coding for the
androgen receptor (AR) and found, by both technolo-
gies, that it was downregulated in PC-3 cells. This result
was consistent, since PC-3 cells are effectively negative
for AR, while LNCaP are positive.

We can conclude that there is reasonably good agree-
ment between the two platforms used for this compari-
son and that they gave rise to both confirmatory and
complementary results. Previous reports [54] did not
show such a concordance and one of the reasons could
be that oligo-chips were compared with cDNA instead
of specifically designed oligo-glass arrays.

8. Comparative bibliographic analysis

When researchers obtain a list of significantly modu-
lated genes from an experimental dataset, they usually
look for interesting information about them and their
products, such as protein function (if it is known),
gene-ontology terms, chromosome location, related dis-
ease information and so on. After choosing the kind of
organism, search options include gene symbol/name, or
gene-related codes such as clone ID, GenBank Acces-
sion Number, UniGene Cluster ID and LocusLink ID
(see http://harvester.embl.de for a detailed list of the
main online gene search engines).

A useful clue provided by some gene databases avail-
able online, such as Oncomine (http://oncomine.org),
concerns gene-expression data associated with the input
gene and obtained from published papers with publicly
available datasets containing that gene. By clicking on
the ‘Show gene expression data’ link provided by
SOURCE (http://source.stanford.edu) [55], for instance,
a list of available datasets appears, with dataset descrip-
tions and paper references, together with authors” web
pages. The ‘View expression’ option leads to a row of
coloured squares representing differential expression
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Fig. 5. Scatter plot representing the transformed log-ratio values of Agilent vs. Affymetrix data related to the comparison between LNCaP and PC-3
expression. The plot shows a reasonable concordance between the two platforms, as also shown by the Pearson correlation coefficient, which equals

0.6.

119

132

207

O total agreement
M total disagreement

O upregulated by Agilent and
border-line with Affymetrix

188

O downregulated by Agilent and
border-line with Affymetrix

M upregulated by Affymetrix and
border-line with Agilent

@ downregulated by Affymetrix

181 and border-line with Agilent

Fig. 6. Distribution of the number of genes differentially expressed in LNCaP cells vs. PC3, extracted from the two platforms; Z-score thresholds of

1.96 for upregulated genes and 1.96 for downregulated ones were set.

measures associated with the input gene. Each square re-
fers to a sample within the experiment described in the
selected paper. The colour is usually associated with
the level of up- or down-regulation with respect to the
specific reference sample used (as a general rule, the
red scale is used for upregulation, the green for down-
regulation, black for lack of modulation and grey for
missing values).

A practical example is useful to clarify this procedure
and point out its potential and pitfalls. Let us choose
again the gene coding for human AR, with UniGene
number Hs. 99915. Three datasets containing that gene
are available: the first refers to acute myeloid leukaemia
(AML) and acute lymphoblastic leukaemia (ALL) sam-

ples leukaemia samples [56] and therefore is not inform-
ative for prostate cancer; the second concerns carcinoma
classifications using 174 human epithelial tumours [57]
including prostate cancer; the third is called normal tis-
sue atlas (from mouse and human samples) and also
contains normal and prostate cancer samples [58]. AR
is found twice in the second dataset, but only one se-
quence is red-coloured in prostate tissues and, when
clicked, is associated with a gene cluster. That cluster
contains 48 genes with the same expression profile
across the experimental samples that are upregulated
in prostate tissue and down- or not modulated in the
other tissues. In particular, the three genes with behav-
iour most similar to AR are hepsin, GREBI and KIF5c
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(kinesin family member 5c). Hepsin is a transmembrane
serine protease that plays an essential role in cell growth
and the maintenance of cell morphology. Interestingly,
if we look at the ‘Unigene & expression sequence tag
(EST) expression information’ link (another useful tool
provided by SOURCE), we note that the normalised
expression distribution for hepsin is very high in inva-
sive prostate tumours (33%). GREBI is an oestrogen-
responsive gene thought to play an important part in
hormone-responsive tissues and cancer, while kinesin is
a microtubule-associated force-producing protein that
may play a role in organelle transport. Its normalised
expression distribution is high in melanoma, ovary, fibr-
otheoma and high-grade prostatic intraepithelial neopl-
asia (15%). No information is associated to KIF5c, but
its very similar expression behaviour allows us to sup-
pose that this gene may code for a protein with a role
in cell growth.

If the same procedure is applied to the third data-
set, only one AR sequence appears and the related
gene cluster contains 46 genes that are upregulated;
not only in prostate tissues, but also in testis, ovary
and uterus.

Now, what is the meaning of all this? It is clear that it
depends on all of the considerations previously dis-
cussed in this paper. What do the coloured squares hide?
Is it a log ratio between assay and reference? Which data
preprocessing and transformation procedures have been
used? What about the reference? How has normal pros-
tate tissue been obtained? And the cancer tissue?

We know that prostate cancer is multifocal and that
AR expression varies greatly, depending on the cell ori-
gin and location within the prostate gland [59], on the
gene mutation state and the disease stage, with the AR
protein having a complex and as yet unclear dual role
in prostate cell growth regulation [60]. For example,
some androgen-independent prostate cancers are char-
acterised by AR amplification accompanied by an over-
expression of AR that is able to promote cell growth,
even with very low concentrations of circulating andro-
gens, while some other equally aggressive tumours have
mutated AR that can be activated by non-androgens or
even by anti-androgens. So, the different levels of AR
expression can be associated with very varied factors
that are not so easy to detect by just analysing the AR
transcript level.

However, whatever reference or sample is used, the
power of the global analysis of gene expression consists
of the detection of ‘expression profiles’ that are able to
cluster different clinical samples or cell lines that eventu-
ally have a common response to treatments. Now we are
not just looking at one gene at a time, but at expression
signatures in which several genes apparently not linked
to each other are to be evaluated together.

However, the potential of the information derived
from this comparative approach needs to be ‘weighted’

and the results are yet to be interpreted in a context-de-
pendent way.

For example, the gene #rp-p8, which was found to be
prostate-specific and upregulated in prostate cancer
compared with normal prostate tissue [61], appears to
be one of the most important genes whose diminution
(and eventually loss) of expression was significantly cor-
related with relapse and negative prognosis in a genome-
wide microarray analysis study [62]. Cancer samples
were subdivided into non-relapsed and relapsed and
the trp-p8 gene clustered into the group of genes that
have a lower level of expression in relapsed cancer than
in non-relapsed. For instance, while upregulation com-
pared with that in normal tissue is an easily understand-
able datum that can be independently evaluated using
samples from different patients by investigators from
different laboratories, the concept of ‘decrease in expres-
sion’ cannot be translated into prognostic practice, since
it has a relative meaning that makes sense only within
the context of the study. For instance, referring intensity
levels to validated ‘internal standards’ would improve
the translatability of results.

Another important issue concerns cell-type homoge-
neity within the samples chosen for the analyses [63].
Therefore, to be able to achieve real clinical application,
a strong effort should be made to standardise the tech-
niques and increase the availability of clear guidelines
for cell-type extraction (and percentage evaluations)
and gene-expression comparisons.

9. Conclusions

We have described and commented on the main
steps that occur between cancer tissue collection and
hybridised oligo-chips or glass arrays, and between
scanned oligo-chips or glass arrays and gene-expres-
sion clusters.

Cross-platform comparison and data validation with
techniques other than microarrays are powerful tools for
overcoming variability and obtaining reliable results.

Rapid translation into clinical application is desirable
and will soon occur when protocols become standard-
ised and sharable.

The potential of expression ‘signatures’ for sample
classification could then be exploited to reduce over-
treatment by improving both diagnosis and prognosis
prediction and to select drugs to be used in a ‘patient-tai-
lored’” way.

Many other aspects, such as gene-network modelling
and gene-regulation analysis by promoter evaluation,
were not covered in this Review, but are also part of
the ‘gene-expression world’. All these steps taken to-
gether are of extreme importance in providing a clear
picture of what happens at the molecular level when
gene deregulation, such as in cancer, occurs.
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