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Cancer classification has traditionally been based on the morphological study of
tumours. However, tumours with similar histological appearances can exhibit
different responses to therapy, indicating differences in tumour characteristics on the
molecular level. Thus, development of a novel, reliable and precise method for
classification of tumours is essential for more successful diagnosis and treatment.
The high-throughput gene expression data obtained using microarray technology
are currently being investigated for diagnostic applications. However, these large
datasets introduce a range of challenges, making data analysis a major part of every
experiment for any application, including cancer classification and diagnosis. One of
the major concerns in the application of microarrays to tumour diagnostics is the
fact that the expression levels of many genes are not measurably affected by
carcinogenic changes in the cells. Thus, a crucial step in the application of
microarrays to cancer diagnostics is the selection of diagnostic marker genes from
the gene expression profiles. These molecular markers give valuable additional
information for tumour diagnosis, prognosis and therapy development.

) Cancer is a genetic disease developed through the
accumulation of abnormalities and aberrations in
gene expression. Several different tumour-specific
mutations, DNA amplifications and translocations
lead to the development of different cancers with
diverse clinical behaviour in terms of both therapy
response and disease progression. Thus, it is of fun-
damental importance to precisely and accurately
assign a given tissue sample to a diagnostic category.
Currently, cancer diagnoses used to determine prog-
noses and guide therapy decisions are based on mor-
phological features of the tumour, which are some-
times complemented by single-gene or single-protein
assays. Examples include the prostate-specific antigen
for prostate cancer diagnosis, CA 125 for ovarian can-
cer diagnosis and the carcinoembryonic antigen for
colorectal cancer. However, tumours with similar
histopathological appearances can follow significantly
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different clinical courses and possibly respond differ-
ently to therapy [1].

Molecular tumour classification on the basis of
genomics experiments offers hope for a more indi-
vidualized and more accurate diagnosis, prognosis
and determination of treatment options [1,2]. The
histological origin of primary tumours, their metasta-
tic potential and optimal treatment might be dis-
cernable by gene expression analysis of tumour
biopsies. As tumours are caused by genetic alter-
ations, detailed gene expression data from genomic
measurements are expected to be sufficient for the
development of novel tumour classifications based
on molecular characteristics. This novel classification
could lead to a more complete understanding of
molecular variations among tumours and, hence,
better diagnoses and treatment strategies for the
disease [3].
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FIGURE 1

Schematic representation of microarray technology aimed at sample classification. The steps shown lead from sample collection (either tissues or cell culture
samples), through RNA extraction, labelling and hybridization to DNA arrays, to detection and pre-processing (intensity determination). Data analysis includes the
assembling of a gene expression matrix (database) from multiple experiments and the preparation of the data in the matrix for analysis. The missing values for
some genes in some experiments (caused by errors in the array or hybridization) can be estimated from values of other genes. Once the gene expression matrix is
prepared, a subset of classified samples is assembled into a training set that is used for the determination of marker genes and for classification.The gene
expressions of marker genes from the training set are compared with their expressions in the unknown sample set.The unknown sample is then assigned to a
class (type) with the most similar expression pattern. Although this figure represents spotted DNA microarray technology, the presented steps are comparable for
any DNA microarray platform.Other array methods such as comparative genomic hybridization, cell arrays, protein arrays and glycol-chips follow the same logic.

Microarrays allow the simultaneous study of gene ex- | In a typical microarray experiment, total RNA or mRNA
pression of all or a large portion of a genome of interest. | is extracted from a sample (tissues or cells), labelled by
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BOX 1
Terminology used in microarray data analysis

Features in terms of cancer DNA microarray experiments
correspond to the expression measurements of different
genes;

Classes correspond to different tumour types (e.g. ER*
versus ER- breast tumours; malignant versus benign
tumours)

Unsupervised analysis (also known as cluster analysis,
class discovery, unsupervised pattern recognition)
includes methods used for the grouping of either
samples or genes according to gene expression
measurements. Unsupervised methods are used when no
preliminary information is available about sample groups.
Unsupervised analysis involves estimating the number of
classes (groups or clusters) and assigning an object to
these classes.This type of analysis is ideal for the
discovery of novel classes.

Supervised analysis (also known as classification,
discriminant analysis, class prediction and supervised
pattern recognition) defines methods for sample
grouping or classification. In supervised analysis, a subset
of data (training set) includes samples that were
previously classified by an external supervisor.The task is
then to understand the basis for the classification from
the training set and to build a classifier that will be used
for the classification of unlabelled object.In the case of
tumour classification, samples in the training set would
be diagnosed by a pathologist before microarray analysis.

Feature analysis is defined as calculating (i.e. determining
quantitatively) the difference between gene expression
for a gene in different groups of samples.

Feature selection is used for the determination of genes
with the most significant difference in gene expression
between groups of samples. Feature selection is based on
the results obtained in feature analysis. In terms of tumour
diagnosis, feature selection is the identification of marker
genes that characterize different tumour classes or have
good predictive power for an outcome of interest.

reverse transcription typically using fluorescently-labelled
nucleotides and hybridized to a previously prepared array
of synthetic oligonucleotides or cDNAs, with each spot
on the array being complementary to one gene. After
hybridization and washing, the arrays are scanned using
one or multiple fluorescence frequencies and the fluo-
rescence signal intensities at each spot are determined by
image-analysis software. The obtained expression meas-
urements for all genes in all experiments are then organized
into an expression matrix (Figure 1). Prior to the applica-
tion of data, measurements for spots of poor quality (either
owing to errors in printing or hybridization), are removed
from the expression measurements in the matrix. When
a range of experiments is performed using the same array
layout and many samples, missing data for a gene in one
experiment can be estimated from expression measure-
ments determined for other genes with a similar profile
over other measured samples. Absolute intensities deter-
mined in an experiment depend upon a range of factors
other than gene expression (e.g. scanner setting and sam-
ple volumes). Therefore, data from a microarray experiment

have to be normalized; that is, all the experimental meas-
urements have to be scaled to have an equal mean or
median, or have equal values for certain genes (housekeep-
ing genes or genes added in known quantities as controls).
This normalization makes comparison between experiments
possible. Data from different experiments can be used for
classification only after these steps have been executed.

Since the advent of DNA array technology, researchers
have been exploring the possibilities of using expression
array analysis as a quantitative (based on numeric expres-
sion values), non-subjective diagnostic tool for tumours.
Recent data from several groups revealed novel fundamen-
tal and reproducible principles in disease classification using
gene expression profiling [4]. Gene expression profiling
using DNA arrays has great potential as a systematic ap-
proach for discovering new, more accurate stratifications of
tumours or for assigning tumour samples to predetermined
classes [2]. Microarray gene expression measurements have
already been used in the classification of many different
cancers including acute leukemia [5], breast cancer [6,7],
melanoma [8], colon cancer [9] and synovial sarcoma [10].

Currently, attempts are underway to optimize and stan-
dardize each step in the microarray procedure for clinical
use [11]. Once collected and properly optimized, microar-
ray data from clinical samples can be used for sample analy-
sis using either unsupervised or supervised approaches.

The unsupervised analysis (Box 1) of clinical samples
enables identification of groups of statistically related
samples or genes based on gene expression profiles.
Unsupervised methods are particularly useful when data
are analyzed in an exploratory fashion or for the deter-
mination of novel sample types [12,13].

The supervised methods (Box 1) provide more powerful
tools for the classification of a sample [12]. In the supervised
analysis, the initial step is to assemble a subset of samples,
called the training or learning set, which were previously
diagnosed by an external supervisor (such as pathologist).
Following the microarray experiment for these samples
as described in Figure 1, a search is performed of all gene
expression measurements from all samples in the training
set to determine a list of marker genes that are most dis-
tinct in their expression between groups with different
labelling (i.e. diagnosis). Expressions of these genes in an
unknown sample are then used for the diagnosis by com-
paring their expression levels to those of marker genes in
groups of known sample types in the training set. A major
question in microarray studies is how to describe genes
associated with specific pathological states or clinical
parameters (feature analysis) and how to select the most
significant genes (feature selection). The subset of genes
selected for their large difference in expression between
sample types, referred to as marker genes or clinical mark-
ers, can form the basis for diagnostic tests, particularly if
they can be reliably assayed. In addition, significant
changes in the expression of clinical marker genes in
tumours are possible targets for drug development.
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FIGURE 2
An example of the importance of feature analysis and selection in sample
classification. (a) shows the complete set of gene expression measurements for 50
normal and 52 tumour prostate samples following gene expression matrix preparation
(including missing data simulation and normalization) as obtained by Singh et al.[15].
The experiments are performed in a two fluorescence label format (procedure
explained in Figure 1) with samples always labelled with the same dye (red). All
experiments also included a common reference labelled with another fluorescence
dye (green).The samples are grouped as normal and cancer tissue samples but the
sample type can not be inferred from this complete gene expression matrix.
Determination of marker genes for these to tissue types can be performed using
various statistical methods. (b) shows the subset of marker genes determined using
SAM method. The difference between the two sample types becomes even visually
transparent when using the gene expression data for the subset of marker genes.

In the context of microarray applications, feature analy-
sis can be defined as the method used to assign a numeri-
cal value describing each gene’s difference in expression
measurements between groups of sample types. In the same
context, feature selection defines methods for the determi-
nation and selection of a group of genes with the most sig-
nificant differences in expression measurements between
sample types, based on the result of feature analysis. As the
number of marker genes for a particular classification proj-
ect in microarray studies might be very small relative to
the total number of genes represented on the array, both
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feature analysis and selection procedures are essential.
Indeed, the accuracy of tumour classification from gene ex-
pression has been shown to depend more upon the selec-
tion of diagnostic genes than on the classification proce-
dure [14]. Classification is by no means a new subject in the
statistical literature, but the large and complex multivariate
datasets generated by microarray experiments raise new
methodological and computational challenges. A large
number of techniques have been developed or altered for
microarray applications. This review focuses on feature
analysis and selection methods previously used in micro-
array classifications for cancer diagnosis and prognosis.

An example of the necessity for feature analysis and
selection in the context of tumour classification is given
in Figure 2. The dataset contributed by Singh and co-
workers [15] includes gene expression measurements for
52 prostate tumours and 50 non-tumour prostate samples
measured relative to a common reference. Pre-processing
and filtering resulted in the set of 6034 genes (Figure 2a).
However, this set does not show a clear difference between
normal and cancer tissues because of the large number of
genes with expression levels determined by factors other
then sample type. However, once a subset of marker genes
is identified using feature analysis and selection methods,
the difference between the two sample types becomes
apparent (Figure 2b).

Methods used for the selection of diagnostic genes
in cancer

Among the thousands of genes featured on a microarray
chip, only a small number are important for the distinc-
tion of tumour classes. Therefore, in the majority of tumour
classification applications, feature analysis and selection
are performed as the initial step in the analysis. In this
way, irrelevant attributes (i.e. genes with expression levels
not significantly different between groups of different
tumour types) are excluded from classification, thereby
reducing both the noise of the dataset as well as the time
needed to perform the classification.

Microarray datasets are often created from groups of
tumour samples with unknown or undetermined types,
and the classification of these samples is performed using
unsupervised methods. Unsupervised tools used for sample
classification can also be used for gene selection and those
most frequently used include various clustering and
biclustering approaches [16,17] as well as various projection
methods (for example, see [8,18,19]).

Although unsupervised methods can be used for both
classification and gene selection, statistical methods applied
in the supervised mode provide a much more powerful tool
for gene analysis and selection [8].

Some of the most widely used methods (with references
showing their application) and software tools are listed
in Table 1. Some of the software packages shown (rows b
and ¢) include many other data analysis methods outside
the scope of this review.
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TABLE 1
Data analysis methods used in feature analysis and selection.
A. Methods and corresponding software tools Reference
Regularized t test Cyber T (http://visitor.ics.uci.edu/genex/cybert/) [48]
SAM (http://www-stat.Stanford.edu/~tibs/SAM) [31]
PAM (http://www-stat.stanford.edu/~tibs/PAM/)
REF (fpn.mit.edu/SvmFu/) [14]
ANOVA (http://www.jax.org/staff/churchill/labsite/software/anova/index.html) [37-39]
B. Non-commercial software packages for data analysis
Bioconductor (http://www.bioconductor.org) - based on the R statistical software
BRB ArrayTools - add-on to Microsoft Excel [49]
TMeV - range of tools for data analysis [50]
RankGene -range of tools for feature selection and ranking [46]

C. Commercial data analysis software packages

Resolver (http://www.rosettabio.com/products/resolver/default.htm)

GeneSpring (http://www.silicongenetics.com/cgi/SiG.cgi/index.smf)

Spotfire (http://www.spotfire.com/)

Acuity (http://www.axon.com/gn_Acuity.html)

Group A represents software tools developed to accompany a particular method. Groups B and C include software packages, both non-commercial (B) and
commercial (C), which include a range of tools for microarray data analysis including many different tools for feature analysis and selection. The list is not
exhaustive; rather it is included so as to display some popular software options to the readers.

Statistical methods for gene analysis and selection
Feature analysis and feature selection are the first steps
performed in supervised analysis. Some of the most fre-
quently used algorithms for feature analysis and selection
are presented below. All mathematical definitions as well
as statistical requirements for the use of these algorithms
are given in Box 2.

Fold change method

The simplest, non-statistical test method used for the se-
lection of differentially expressed genes is the fold change
method. In this method, the ratios between expression
level logarithms in two conditions are evaluated. All genes
with a ratio of expression level higher than an arbitrary
cut-off value are considered to be differentially expressed
[20]. The fold change method in its original form can be
strongly biased by an inappropriate normalization. This
problem has been addressed by the development of inten-
sity-specific thresholds [21]. However, as this simple
method is not a statistical test, it has no associated value
indicating a level of confidence in the designation of
genes as being differentially expressed.

t-statistics and variations

The introduction of various statistical methods relating a
gene'’s expression level to the covariates or responses, and
ranking genes accordingly, allows for a more accurate
feature analysis and for the most exact feature selection
[5].

The t test is one of the simplest statistics-based methods
used in microarray analysis, both for estimating the accu-
racy of results from replicated experiments and for the
detection of differentially expressed genes.

For the feature analysis of systems with two sample
types, the traditional two sample (paired) ¢ test is a standard,
straightforward and popular method [22]. In most tumour
classification studies, however, the samples are independ-
ent (i.e. taken from different patients rather then from the
same patient at different times), which makes the paired
t test inappropriate. The two-way f test for independent
samples (Student f test) allows for the determination and
selection of an expression pattern that has a maximal
difference in the mean level of expression between two
groups of independent sample types with a minimal vari-
ation of expression within each group. Therefore, the two-
way t test has been used frequently for the determination
of differentially expressed genes in microarray feature
analysis and selection [23-25]. The difference in gene
expression between sample types is expressed as the P
value which shows the chance that random sampling
would result in the observed difference. The Student ¢ test
determines the significance of the difference between the
means of two independent samples and it is a good choice
when i) the two samples are independently and randomly
drawn from the source populations; ii) the measurements
for both samples have an equal interval; and iii) the
source population(s) can be reasonably supposed to have
a normal distribution.

Both Student and paired t tests assume that features
within each group have similar variances. This is rarely
seen in microarray experiments. In addition, sample sizes
are usually small in comparison to the number of features
(genes) [26]. Thus, the variation to the t test methods
developed for independent samples with unequal variances
would be much more appropriate. An example of such test
is the Welch (Satterthwaite’s) ¢ test [26]. This test is based
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BOX 2
a. Mathematical definitions of described statistical methods for feature analysis and selection
Dataset E [x;1;i+ genes;j0(I,M)samples; U= [x;1;+ genes;j(1,N)samples
- . 2 2
Student t test t(i) =M ; pooled variance: s(i) = \/w
s(i)(1/N+1/M) M+N-2
sam o) = HOZRD oy = TS G- 00 + 3 O, (- (0]
s(i) s, JH J v
Welch ttest  t(i) = WO
VST IN+s5IM
SNR  P(i) =M
o,(i) + Oy (i)
ANOVA logx;, =W+ effects of array, dye, variation and gene
Pearson Correlation Coef. r(i)= ND Xy~ %) X
JINS X2 =(S % PINS 3 =(S i)
b. Data-set properties required for application of presented statistical tests
Required properties Student ttest Welch ttest SAM SNR Wilcoxon One-way Pearson correlation
ANOVA coefficient
Error independent Yes Yes Yes Yes Yes Yes Irrelevant
Data paired No No No No No No No (same number of data
points)
Identical distribution Yes Yes Yes Yes Irrelevant Yes Yes
Gaussian distribution Yes Yes Yes Yes Irrelevant Yes Yes
Symmetrical around median Yes Yes Yes Yes Yes Yes Irrelevant
Equal variance Yes No Yes No Irrelevant Yes Yes
on the difference between sample means and assumes a | type); that is, each sample is shifted from its original class
normal distribution of the samples but allows for different | to the other class group and the SNR is recalculated for
variances of samples. Many other variations of the two- | these new groups. A gene was then considered a statistically
sample ¢ test have been used, the choice being dependent | significant marker if the observed SNR for the original
upon the sample size and variance of the two sample | set exceeds the permuted SNR in at least 99% of permu-
types. tations.
Another method for the selection of marker genes from
Signal to noise ratio test SNR data implements neighbourhood analysis; it was
The signal to noise ratio (SNR) test identifies expression | implemented by the group at the Whitehead Institute ini-
patterns with a maximal difference in the mean level of | tially for the classification of leukemia data [5]. The marker
expression between two groups and minimal variation of | genes selected by SNR test should be the ones that best
expression within each group, while not assuming the | resemble a binary expression profile (i.e. an idealised ex-
equality of standard deviations (variances). The SNR com- | pression pattern in which the expression level is uniformly
bined with different feature selection methods has been | high in one class type and low in the other). The SNR ratio
the method of choice in most classification studies per- | measures how well the expression profile of a real gene
formed at the Whitehead Institute, MIT [5,27,28], as well approximates the ideal marker gene profile. Thus, in this
as by several other groups [10]. method, the genes with the highest absolute values of
In this procedure, genes are first ranked according to | SNR are chosen to build binary classifiers [30].
their expression levels using SNR test statistics (Box 2).
The top ranking genes can then be selected in several | Significance analysis of microarray
ways. One method was successfully applied to multiclass The two-sample type significance analysis of microarray
cancer diagnosis [29]. In this method, SNR ratios are re- (SAM) procedure identifies genes with statistically sig-
calculated for each permutation of sample labels (tumour | nificant changes in expression by assimilating a set of
434  www.drugdiscoverytoday.com



DDT - Volume 10, Number 6 < March 2005

REVIEWS

gene-specific t test-like calculations. Each gene is assigned
a score on the basis of its change in gene expression relative
to the standard deviation of repeated measurements for
that gene [31]. The basic statistical procedure used in SAM
is similar to a f test. SAM determines the difference between
means, in units of standard deviations. However, a weight-
ing term is added to the pooled standard deviation in SAM
to prevent overestimating the significance of genes with
a small variance (Box 2). To find significant changes in
gene expression, genes were first ranked by the magnitude
of the relative difference t(i) (Box 1). Then, similarly as in
the SNR procedure, a relative difference is recalculated for
each permutation of sample labels (tumour type) giving
p-values (equal to number of samples for two-sample type
sets of tp(i)). The expected relative difference £,(i) is calcu-
lated as the average of all tp(i) values — SAM values for sets
with one sample label permuted at the time. Genes with
significant changes in expression are finally determined
from the scatter plot of t(i) versus t,(i) as the genes with
values displaced from the linear function.

Wilcoxon rank sum test
The previously described tests are termed parametric sta-
tistical methods; that is, they assume that data follows a
particular distribution of values (such as a normal distri-
bution). If no assumption can be made about the shape
of the population distribution, non-parametric statistical
methods must be used. The Wilcoxon rank sum test is a
non-parametric analogue to the t test for two independent
samples. It is also used for the determination of equality
of the means of two non-normal samples. The test is
based on the rank of the individual data within the gene
data ordered according to the gene expression measure-
ments rather than actual expression values. As it operates
on rank-transformed data, it is a robust choice for microar-
ray systems, which are often non-normal and contain
outliers [32]. In this test, the ranking of data is performed
first by giving the highest rank (equal to the number of
features) to the feature with the highest value and rank
of one to the feature with lowest value. The ranks for
remaining features are assigned using the rank-sum test
as explained in details in Biostatistics textbooks [22].
The Wilcoxon method, as well as related non-parametric
tools, have been used in several cancer classification stud-
ies [32-34].

Multi-feature methods

All of the previously described algorithms make an implicit
orthogonality assumption; that is, they disregard the cor-
relation between features (genes). Guyon et al. [14] have
proposed the application of a Recursive Feature Elimination
(RFE) method for feature selection by feature (gene) removal.
RFE is an example of a backward feature selection method
where, rather then choosing a subset of significant genes,
the non-significant genes are chosen and eliminated, usu-
ally one gene at a time in the recursive (i.e. cyclic) fashion.

The RFE process starts by performing classification using all
available features. Then, features are ranked according to
their significance for classification, calculated as the effect
of removing one feature at a time on the classification. The
feature with the smallest rank (i.e. with the smallest signif-
icance for classification) is discarded. The process continues
by considering the remaining features until the maximum
accuracy for classification of the training set is achieved.
This method was used by Rifkin et al. [35] for the multi-
class supervised classification of several different types of
cancer.

Multi-condition methods

Datasets comprising more than two different types of sam-
ples (i.e. three or more class labels) represent a multi-class
classification problem. Clearly, in these multi-condition
or multi-type systems, gene analysis and selection has to
be based on the comparison of means of more than two
distributions. Most methods described so far can be used
for feature analysis and selection even in multi-type sys-
tems, primarily by determining the differences in gene
expression in a sample relative to all the other samples
[i.e. one versus all (OVA) methods]. However, to look at
gene expression differences of individual samples in these
systems, a more general concept of relative expression is
needed [36].

ANOVA

The t test methodology can be generalized in the case of
comparison of more than two distributions into one-way
analysis of variance (ANOVA). A one-way ANOVA model
allows the comparison of the means of an arbitrary num-
ber of groups, each of which follows a normal distribution.
ANOVA is an approach that can be applied to spotted
microarray data of any experimental design and at many
different steps in the data analysis process. The ANOVA
approach gives an estimate of the relative expression for
each gene in each sample [36-39]. The basic concept in
ANOVA is that, given an appropriate experimental design,
variability in the quantity being measured can be parti-
tioned into various identifiable sources. ANOVA indicates
whether variability caused by a particular experimental
factor is statistically significant compared with the random
variability. Feature analysis using ANOVA is performed by
testing each assayed gene independently for a difference
in expression between experimental groups. The output
of the analysis is a probability (p) that a difference in ex-
pression could have been observed randomly. A statistical
analysis of this kind can reveal genes that show small but
significant changes in expression over different sample
types.

ANOVA is implemented in a Matlab package [37] as
well as in many other packages (listed in Table 2b and
¢). ANOVA is also included in the package MAANOVA
[40], which includes set of functions written (in Matlab,
R and Java) for the ANOVA on microarray data.
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Correlation coefficient analysis

An alternative method for the selection of prognostic
genes is the determination of a correlation between the
prognostic category and the logarithmic expression ratio
across samples (i.e. whether there is a relationship between
sample type and the gene expression pattern). In this case,
genes with greatest correlation coefficients between two
sample types (i.e. closer relation to the established classifi-
cation) are more likely candidates for reporting prognosis.
Various methods for the calculation of correlation coeffi-
cients have been used for the supervised analysis of cancers
[6,7,41], the most popular being the Pearson correlation
coefficient method (for example, see [22]). Improved
methods for the calculation of correlation coefficients in
the case of multiple testing have previously been described
in detail [42].

Conclusions

Many methods and software tools have been developed
and applied for feature analysis and selection in microarray
tumour classification and characterization. Recent efforts
in gene selection resulted in the determination of 67
genes that appear to be either more or less active in vari-
ous cancer cells [43]. Following confirmation using other
molecular and biochemical techniques, these genes might
provide a resource for the development of diagnostic tests
as well as potential therapies.

A vast number of methods that can be used for gene
selection present an even more interesting and still largely
unanswered question regarding the relationship between
marker gene determination and the method used for clas-
sification [44]. In addition, the relationship between the
microarray platform used for the gene expression meas-
urement and the accuracy of tumour classification, which
includes feature analysis and selection, presents an addi-
tional problem that has received only limited attention [45].

A recent paper by Li and co-workers [46] provides a
comparison of the performance of feature selection meth-
ods implemented in Rankgene software combined with
various multiclass classification methods. The conclusions
of this paper were that no method is optimal for all
datasets. In addition, the accuracy of the classification was
more dependent upon the classification method than the
feature analysis and selection methodology used to deter-

mine a subset of diagnostic genes. The latter conclusion
is in contradiction with the observations of Guyon et al.
[14] that the gene selection method impacts the accuracy
of classification results more than the classification
method used. All of the gene selection methods investigated
by Li et al. [46] assume orthogonality between features and
this is probably causing the discrepancy between these
two results. Furthermore, all feature analysis and selection
methods chosen by Li et al. [46] provided a sufficient num-
ber of optimal genes for classification. However, further
research studying the relationship between a larger group
of more diverse methods for feature selection and various
subsequently used classification methods for both binary
and multi-class problems is essential.

Other methods utilizing array technology, such as com-
parative genomic hybridization (used for the determina-
tion of DNA copy number) arrays and various methods in
proteomics and glycomics, can be used for tumour clas-
sification. Although the primary focus of this review was
DNA microarrays, the feature selection and analysis tools
developed in the context of DNA microarrays can be
directly translated to other methods.

While this review was being written, the first FDA
approval was issued for the application of gene expres-
sion analysis in clinical diagnosis (Roche Molecular
Systems Inc.). Although this approval was not for cancer
diagnosis, it shows that microarray technology is mature
enough for clinical applications. However, the applica-
tion of microarrays in tumour classification still awaits
the determination of an optimal set of marker genes.
Determination of marker genes as well as optimal tumour
classification will not be possible without designing the
appropriate clinical trials in combination with genomics
that use optimal laboratory and statistical methods and
that incorporate biological knowledge [47].
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