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DNA microarrays can measure genome-wide transcript levels. These measurements can 
 be used to build gene expression profiles. It is assumed that genes that are co-expressed 

 or functional related have similar expression profiles. Therefore, grouping of gene expression 
 profiles can provide insight in gene function and regulation. Various computational methods 

 can be used to group expression profiles. Because every method will produce different results, 
 a basic understanding of these different methods is necessary. Several computational 

 approaches are described, including hierarchical, non-hierarchical and supervised methods. 
 Their strengths and weaknesses are discussed by an example of an application of 

 genome-wide expression analysis. 
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Introduction 

INTRODUCTION 

Genome-wide expression data: The completion of 
the sequencing of entire genomes of model organisms 
has driven the development of DNA microarrays, a 
revolutionary high-throughput tool beneficial to 
study gene expression. DNA microarrays can be used 
to obtain accurate, quantitative (relative) 
measurements of the mRNA, the transcript level of 
gene expression, in a biological sample. 
In a typical microarray experiment two RNA samples 
(sample of interest and reference sample) are used to 
generate first-strand cDNA targets labeled with the 
fluorescent dyes Cy3 and Cy5. These two samples are 
hybridized to one microarray slide, containing probes 
in the form of complementary single-stranded DNA 
molecules located in spots. After hybridization, the 
microarray is scanned, thus measuring the relative 
fluorescence intensities in each spot [See figure 1]. In 
this paper, the elements of which the expression is 
measured in these spots, will be referred to as genes 
and not as Open Reading Frames (ORFs). 
 
Next to DNA microarrays, various other techniques 
have been developed to measure gene expression, 
including serial analysis of gene expression (SAGE) 
and Affymetric GenechipsTM (oligonucleotide arrays). 
SAGE is based upon the generation of unique short 
(10 bp) sequences of cDNA from RNA samples. 

These cDNA sequences are linked to each other, thus 
forming longer DNA strings, which in turn are 
cloned and sequenced. In this way, short sequences 
can serve as unique markers of particular genes and 
their gene expression can be measured. Because even 
simple organisms have a high number of genes in 
their genome, this technique is not useful for 
genome-wide expression measurements.  
Oligonucleotide arrays function basically in the same 
way as DNA microarrays do. Some important 
differences, however, are the use of oligonucleotides 
instead of cDNA molecules and the use of a chip 
instead of a glass plate. Many other techniques are 
being developed, but the gene expression data 
produced by all these techniques can generally be 
analyzed using the same methods. In this paper gene 
expression data from all techniques will be referred to 
as microarray data. 
 
Applications: Previous research of gene expression in 
molecular biology, has lead to the notion that there is 
a tight connection between the function of a gene 
product and its expression pattern. There are 
numerous examples of genes that function under 
specific conditions and whose expression is tightly 
restricted to those conditions. This suggests that 
important biological information can be acquired by 
measuring mRNA, the transcript level of gene 
expression. Microarrays are able to do exactly this by 
measuring the transcript for (almost) every gene in 
the genome at once, in a fast, non-expensive and easy 
way. These features of DNA microarrays are able to 
deliver enormous amounts of data that can 
contribute to research of gene function and 
regulation. 

 

 
DNA microarray measurements promise to be of 
great value in two other applications of the study of 
gene expression on a genomic scale [1]. If the factors 
that influence a certain promoter are known, the 
activity of these factors can be measured by 
measuring the expression level of the promoter’s 
transcript. This may provide an easy way to measure 
activity of promoter-binding proteins. The other 
application depends on the increase of knowledge for 
the biological consequences of the expression of any 
gene in an organism. A more complete 
understanding of the effects of the expression of 
combinations of genes, will result in the possibility to 
determine the characteristics of a biological sample 
on the molecular level by means of microarray 
measurements.  
 
Genome-wide expression analysis: At present, data 
produced by gene expression experiments are 
analyzed on at least three levels, each of increasing 

C

Figure 1 | A microarray is a glass slide, onto which single-
stranded DNA molecules are attached at fixed locations
(spots). The DNA molecules from one spot are
complementary to (a part of) a single gene. In order to
measure (relative) gene expression, messenger RNA from two
different samples is reverse transcribed in the presence of
fluorescently labeled nucleotide precursors. For each sample
different fluorescent labels are used (e.g. a green dye for a
sample and a red dye for the control). Both extracts are
washed over the microarray, during which gene sequences
from the extracts hybridize to their complementary
sequences in the spots. The relative expression is reflected by
the ratio of ‘red’ to ‘green’ fluorescence measured at the spots
on the microarray representing that gene. Figure copied from
Brown and Botstein [1]. 
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Introduction 

complexity [2]. Independent microarray experiments 
can be used to determine whether each gene in 
isolation behaves differently in a control versus a 
treatment situation. To that end, a simple statistical 
analysis of gene-expression levels will suffice and it 
can be enough to rank the genes by their relative 
induction in order to draw any conclusions from the 
expression data. However, the results from one or 
just a few microarray experiments can not produce a 
clear distinction between differently expressed genes. 
A more powerful application of gene expression 
experiments involves the combination of multiple 
microarray experiments, measuring tissues or cell 
populations across a range of conditions. By 
measuring transcription levels of genes in an 
organism across time, under various conditions, at 
different developmental stages or in different tissues 
(in higher organisms), we can build up gene 
expression profiles which characterize the dynamic 
functioning of each gene in the genome. The gene 
expression profiles acquired by combining these 
experiments, can be analyzed by grouping genes with 
similar expression patterns. Based on the assumption 
that genes that are co-expressed are co-regulated, this 
grouping of genes might provide much greater 
insight into their biological function and relevance.  
Analysis of multiple microarray experiments across 
time can also be used to extract other interesting 
information. Expression patterns of single genes can 
provide a time-dependent view of the mRNA, from 
which the balance between mRNA synthesis and 
degradation can be obtained. The time-dependency 
of the gene expression could possibly be used to 
determine the sequence in some regulatory pathways. 
The third level of gene expression analysis involves 
the elucidation of genetic networks that ultimately 
are responsible for the patterns observed. This 
requires reverse engineering of genetic networks from 
their expression profiles. The complexity of genetic 
networks on a genomic scale, with N genes and thus 
at least N2 potential pairwise interactions, provides a 
major challenge [3]. Expression data from targeted 
mutation experiments can be particularly helpful in 
these modeling studies. 
 
This paper focuses on the second level of analysis, the 
grouping of gene expression profiles. The extraction 
of fundamental patterns of gene expression inherent 
in microarray data, can help to interpret the massive 
data sets produced by microarray experiments. 
However, grouping of gene expression profiles will 
not provide definitive elucidation of the biological 
function(s) of genes. Microarray data analysis only 
provides help in the biological interpretation of gene  
function. It is useful as an exploratory tool for 
identification of candidate genes for further study 
[4,5].  
 

Clustering algorithms: Multiple experiment micro-
array data is too complex to be organized by hand or 
simple ordering. Sophisticated computer-based 
algorithms are necessary to group the gene expression 
profiles. But, the way the microarray data is handled 
can have a profound influence on the grouping of the 
expression profiles and thus interpretation of the 
results [6]. Several factors during the microarray 
analysis can have a tremendous effect on the 
outcome. 
In this paper some computational approaches in 
grouping genes with similar expression patterns are 
discussed. Algorithms for analyzing gene expression 
data are rapidly evolving and no clear consensus 
exists as to the best method for revealing patterns of 
gene expression [7]. There might never be a 'best' 
approach and the application of various techniques 
probably allows different aspects of the data to be 
explored. Therefore a basic understanding of these 
algorithms is required for optimal experimental 
design and meaningful data analysis. 
 
After an introduction to some computational 
approaches in the next section, an example of an 
application of genome-wide gene expression analysis 
is discussed. This example is used to discuss some of 
the advantages and drawbacks of the reviewed 
methods. 
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Gene expression analysis techniques 

GENE EXPRESSION ANALYSIS TECHNIQUES 

DNA microarrays can rapidly measure gene 
expression patterns for hundreds or thousands of 
genes in a single assay. This transcriptional profiling 
technique produces a wealth of data that can lead to a 
more complete understanding of gene function, 
regulation and interactions. The true power of the 
analysis of this microarray data doesn’t come from 
the analysis of independent single experiments, but 
rather, from the analysis of many experiments that 
survey a wide range of cellular responses, phenotypes 
and conditions. The analysis of multiple microarray 
experiments can identify common patterns of gene 
expression. This is interesting because there is a 
fundamental biological belief that genes that display 
similar expression patterns are co-regulated and may 
share a common function or contribute to a common 
pathway. Therefore, grouping of expression profiles 
is potentially useful in the functional annotation of 
known and predicted genes. It can also be useful in 
the extraction of regulatory motifs by searching for 
regulatory sequences upstream of grouped genes 
[7,8]. 
There are many statistical methods that can be used 
to identify genes that show similar patterns of 
expression. Many of these have demonstrated to be of 
significant value for the exploration of gene 
expression data [4,8-13].  
 
Preprocessing: In order to perform any analysis, 
gene expression profiles need to be build, by 
measuring transcription levels of genes in an 
organism under various conditions, at different 
developmental stages or in different tissues. This 
expression data is stored in a matrix with rows 
representing genes and columns representing each 
independent microarray experiment. Such a table is 
called an expression matrix. Each cell contains a 
number characterizing the expression level of the 
particular gene in the particular experiment. 
Expression levels are measured in terms of a ratio 
(relative to a reference sample). These ratios are log 
transformed as to represent induction or repression 
of identical magnitude as numerically equal but with 
opposite sign. 
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Prior to initiating analysis of a gene expression 
matrix, some preprocessing of the data is required. 
Genes that are expressed at very low levels across the 
experiments are usually removed from the data set. 
Some of them may not be genes at all, but rather, 
random sequences that begin with a start codon and 
end with a stop codon. Expression values of these 
ORFs may simply reflect background hybridization. 

Others may be genes with such low expression levels 
that they cannot be distinguished from the 
background level, or constitutively expressed genes. 
Logically this threshold depends on the number and 
nature of the experiments used. The threshold should 
be chosen after reviewing the noise (error) and 
variation in expression measurements and examining 
the distribution of mean and variance of expression 
values for the entire data set. Subsequently, in most 
analysis methods, the data is reduced by excluding 
expressed genes that do not vary significantly across 
the experiments. There is no meaningful way to 
group these genes. A common threshold that is used 
for this selection is to filter the genes whose 
expression values vary less than 25% over the data 
points. Finally genes, whose data may not be reliable 
or for which there is much missing data, are 
removed.  
During these filtering steps, some valuable data may 
be lost. Therefore, it is important to try several 
different filters and apply them with great care. The 
optimal balance between retaining valuable data and 
removing invaluable data has to be sought. 
 
Expression matrix: After preprocessing the data, a k 
× n matrix remains, where k is the number of genes 
measured (rows) and n the number of array 
experiments (columns). In order to provide greater 
insight in the biological function and relevance of the 
genes, the rows of this matrix need to be organized. 
Each cell of a row can be regarded as a feature of the 
gene. 
Algorithms can also be used for organizing the 
columns of the expression matrix. Obviously, this is 
not done with a set of array experiments consisting of 
a time series. However, the grouping of the different 
array experiments, can be used as a molecular 
signature in distinguishing cell or tissue types. For 
example, it could be used for distinguishing between 
two different, but morphologically closely related 
tumor tissues [10,14]. This technique promises to be 
very useful for diagnosis. In this paper analysis of 
microarrays will be discussed with the focus on 
finding functionally related genes. Classification of 
tissues will only briefly be discussed. 
 
Analysis techniques: At this point, the expression 
matrix is ready to be analyzed in order to extract 
from it some knowledge about the underlying 
biological processes. The analysis of gene expression 
profiles can generally be divided in an ‘internal’ and 
‘external’ part. The internal analysis consists of pure 
mathematical structuring of the expression matrix 
without explicitly relating any other biological 
information to the genes or arrays. The external 
analysis focuses on the relation of the expression 
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profiles to ‘external’ sources of biological 
information. This external information can consist of 
information about protein function, structure, 
regulation, metabolic pathways, differentiation, etc. 
 
The expression matrix can be studied in an 
unsupervised or a supervised manner. Supervised 
expression analysis specifies in advance which data 
should cluster together, whereas unsupervised 
methods essentially explores the internal structure of 
the data. Supervised analysis usually builds classifiers 
using a subset of expression profiles with known 
classification. The algorithm tries to find patterns in 
the data using the expression profiles tagged with this 
external information. Unsupervised analysis methods 
usually do not use any existing knowledge while 
ordering the expression profiles. Instead, external 
information is introduced after the induction step as 
a means of validating the ordering. It is possible to 
apply unsupervised analysis on a expression matrix 
where external information is added in an extra 
column. In this way, external information is 
introduced before the grouping of profiles. However, 
this doesn’t force the data into predefined clusters 
and is therefore not considered supervised. Addition 
of extra features to expression matrices is not a 
common procedure. 
 
In order to group expression profiles, different 
methods of analysis use different techniques to 
compute the ‘similarity’ between two profiles. Most 
methods address the problem of ‘similarity’ 
mathematically by representing expression profiles as 
‘expression vectors’ in ‘expression space’. In 
expression space, each array (experiment) represents 
a separate, distinct axis. The expression value of a 
gene from each array represents the geometric 
coordinate in the respective dimension. In this way, 
expression data can be represented in n-dimensional 
expression space, where n is the number of 
experiments, and where each gene-expression vector 
is represented as a single point in this space. 
  
Visual representation: To interpret the results from 
the expression analysis of multiple experiments, it is 
helpful to have an intuitive visual representation of 
the resulting groupings. There are three commonly 
used methods for presenting the expression profiles 
of grouped genes. One approach relies on the 
conversion of the expression matrix. Each of the 
matrix elements is colored on the basis of its 
expression value, which creates a visual 
representation of gene-expression patterns across the 
collection of experiments. Normally, values close to 
zero are colored black, greater than zero colored red 
and those with negative values colored green [see 
figures 4 and 11]. Another method that is particularly 
helpful in the visual analysis of time-point 
experiments data, is the plotting of clustered 

expression profiles against time [see figure 6]. In the 
third method, the average pattern of expression 
profiles in one cluster are plotted together with the 
standard deviation of average expression [see figures 
5 and 8]. This visualization is helpful in comparing 
different clusters. 
 
This section introduces some computational methods 
for grouping expression profiles. First, various 
unsupervised methods are discussed and next one 
supervised method. 
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Unsupervised grouping - Clustering

Unsupervised grouping methods try to identify 
patterns in gene-expression data. They do this 
without specifying which expression profiles should 
cluster together. Unsupervised clustering analysis 
consists of four steps [4]: first the preprocessing of 
the raw expression data. This filtering step has been 
discussed in the previous section. Secondly a 
similarity measure has to be chosen. Basically, this is 
the definition that is used to determine similar 
expression profiles. This step is discussed in the next 
section. The third step is the actual clustering of the 
data with an algorithm.  
Unsupervised clustering techniques are either 
hierarchical or non-hierarchical. Hierarchical 
clustering produces a partitioning of the expression 
profiles in the form of a binary tree. Non-hierarchical 
clustering methods partition the microarray data into 
a certain number of clusters. These two unsupervised 
clustering methods are discussed independently in 
the next two sections. 
Each of the first three steps of unsupervised 
clustering (preprocessing, choice of similarity 
measure and clustering algorithm) has influence on 
how the expression data are grouped.  
The final step is the analysis of the resulting clusters. 
This is the ‘external’ part of the analysis, which can be 
conducted in many different ways. Some examples 
will be discussed with the description of some 
clustering algorithms. The example of an application 
of microarrays in molecular biology, discussed at the 
end of this paper, provides more insight into the 
external part of the analysis. 
 

Measure of similarity 
Clustering algorithms group similar profiles together 
based on either a similarity measure (a higher 
number for more similar genes) or a distance 
measure (a lower number for more similar genes). It 
is possible to transform a distance measure to get a 
similarity measure by inversion. 
A similarity measure is a formula for calculating the 
similarity of two expression profiles. Therefore the 
starting point for clustering methods is defining a 
similarity measure among expression profiles. There 
are many ways to express the similarity of two 
profiles, which are basically just two lists of numbers. 
This variety of possible measures that can be used 
represents a significant problem in the analysis of 
expression profiles.  Each measure produces a unique 
clustering of gene expression patterns, and which 
measure is biologically most relevant is as yet 
unknown. 
 
One characteristic the measure should have, is that it 
should capture the type of interaction that is looked 

for in the biological system of interest. This means 
that the similarity measure should assign high scores 
to co-expressed genes and low scores to genes with 
unrelated expression patterns. 
 
Euclidean distance and correlation similarity: So 
far, most clustering studies in the gene expression 
literature use either the Euclidean distance [see 
equation 3] or some type of a correlation similarity 
[see equation 4] to calculate gene similarity. These 
measures can intuitively be understood by viewing 
expression profiles as points in expression space with 
a dimension of k that is equal to the number of 
features of the profile. Usually, the expression profile 
of each gene is scaled to have mean zero and variance 
one. The ith feature of expression profile X is 
converted to the standardized expression feature Yi 
by equation 2: 
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Notice that the expression values in the expression 
matrix are log

2
 values of the original ratios and thus 

are negative in case of repression. This scaling 
procedure is called standardizing the data. This 
captures the notion that the expression patterns of 
two genes may be similar in shape, even though one 
is expressed at a much higher level than the other. 
The Euclidean distance d(X,Y) measures the distance 
between two expression points (X and Y) in 
expression space. This is the square root of the sum 
of the squared differences between corresponding 
expression values:  
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The Correlation similarity ρ(X,Y) is the dot product 
of two normalized vectors [see equation 4]. It is 
essentially the similarity of the direction of two 
expression vectors in expression space. This is 
expressed in a coefficient ranging from –1 (opposite 
vectors) to +1 (vectors have same direction). 
Equation 4 is used to calculate gene similarity by a 
correlation coefficient: 
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 The Euclidean distance and correlation coefficient are 

related, when standardized data is used. Then the 
mean, X , is zero and the variance, ∑ 2X , one. 

Equations 3 and 4 can now be rewritten to equations 
5 and 6: 
  

( ) (∑∑ −=−+= XYXYYXYXd 222),( 222 )    (5) 
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This results in a relation between the squared 
Euclidean distance and the correlation coefficient as 
seen in equation 7: 
 

( )),(12),( 2 YXYXd ρ−=    (7) 
 
An intuitive method for determining the quality of a 
measure is making 2-dimensional plots of expression 
data of pairs of genes and checking whether the plots 
that look similar to the eye are assigned high values. 
And vice versa, dissimilar expression profiles should 
score low values.  
Both Euclidean and correlation measures score plots 
with similar expression patterns well. However, they 
both give high scores to some dissimilar curves. 
Heyer et al. [4] found that these ‘false positives’ were 
often caused by single outliers. This phenomenon can 
cause unrelated expression profiles to be assigned 
high similarity values, because they share a single 
high peak or valley in one of their expression features 
[see figure 2]. 
 
Jackknife procedure: Heyer et al. propose the 
jackknife procedure that can improve the robustness 
of measures with respect to single outliers. This 
procedure was applied to the correlation measure. In 
order to obtain the jackknife correlation of a pair of 
genes, the normal correlation of the genes  (in this 

specific case a modification of the Pearson correlation 
measure was used) is calculated. Next the correlation 
of the genes is calculated without considering the first 
feature of the profiles (the expression value of the 
first experiment, thus the first column in the 
expression matrix, is deleted). Subsequently this is 
done for every feature. The lowest value of this group 
of correlations is defined as the jackknife correlation 
J

ijρ

ij
: 

 

{ }ijt
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Where  is the correlation between gene i and j 

computed with the lth observation deleted. 
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Figure 2 | Expression profiles for RFC2 and NMD5. The first
figure shows the normalized seventeen time-point mitotic
cell cycle data [15]. The gene pair has a correlation coefficient
of 0.87. In the second figure the same data of the two genes
with time 100 removed is shown. The remaining points have
a correlation coefficient of –0.29. Jackknife correlation of the
original data produces the same coefficient. Figure copied
from Heyer et al [4]. 

 

his results in reduction of false positives, while 
aintaining high correlation for gene pairs that 

xhibit similar behavior throughout all the data 
oints. In principle this jackknife procedure could be 
sed with other measures than the correlation 
easure. It can also be easily adjusted to be robust 

or 2 or more outliers, but this becomes 
omputationally intensive. 

nfortunately, there is no theory as to choosing the 
est measure to compare two expression profiles [5]. 
he correlation measure seems to be able to 
ffectively find all similar expression patterns in a 
ata set. Its drawback, the number of false positives, 
an be reduced by applying the jackknife procedure. 
herefore the jackknife correlation or a jackknife 
uclidean distance (if the data is normalized) seems 

o be appropriate for use in microarray analysis. 
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However, there may be a measure with greater 
biological relevance. 
After choosing the similarity measure, a clustering 
strategy must be chosen. This can be either a 
hierarchical or a non-hierarchical method. 
 

Hierarchical clustering 
Hierarchical clustering groups together genes with 
similar expression profiles by ordering the data in the 
shape of a binary tree, in which the most similar 
patterns are clustered in a hierarchy of nested subsets. 
The length of the tree branches reflects the similarity 
between the objects.  
 
There are two forms of hierarchical clustering, known 
as aggregative and divisive [16,17]. Aggregative 
clustering starts with single-member clusters and 
gradually fuses them together (bottom up). In 
contrast, divisive clustering starts with all objects in 
one cluster and gradually breaks this cluster down in 
smaller clusters (top down) [see figure 3]. Both forms 
of hierarchical clustering can be conducted in 
different ways, differing in the way in which distances 

are calculated between growing (or shrinking) 
clusters. 
 
Aggregative clustering: 
A useful approach to analyzing gene expression data 
has been aggregative hierarchical clustering. It can be 
used with a variety of measures and there are 
numerous versions of the basic algorithm, but the 
most common is known as average linkage. This 
algorithm has been applied to microarray data by 
Eisen et al. [9]. They use a standard correlation 
coefficient [see measure of similarity section] to 
calculate the similarity of profiles and compute a 
similarity matrix. In the algorithm the distances 
between the growing clusters is calculated using 
average values (average linkage). The algorithm 
selects the closest (most similar) pair of genes from 
the similarity matrix and joins them by a node. In the 
matrix the joined genes are replaced by the average 
profile. Next, the closest pair of genes is selected and 
this is repeated until all genes are joined [See figure 
3]. 
 

C

                  
 

Figure 3 | Comparison of aggregative (A) and divisive (B) clustering methods. In the aggregative method, the closest pair of profiles
is chosen based on a given measure. Then an average of both profiles is constructed, which substitute the linked profiles. This
process continues until all the profiles are linked. In the case of divisive methods it is just the opposite. The procedure starts by
splitting into two the initial set of profiles, represented by their averages in the figure. The process is repeated until all the profiles
have a branch assigned. Figure copied from Dopazo et al [16]. 
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Figure 4 | Visualization of hierarchical clustering results. The
matrix elements are colored on the basis of their expression
value. The tree branches are longer when the elements they
connect are less similar. Figure copied from Sherlock [17]. 

 
To make interpretation of the results easier, the 
dendrogram that is created by clustering is combined 
with the visual representation of the expression 
matrix [see figure 4].  
 
Application: Eisen et al. applied this method to yeast 
microarray data. When the resulting clustering was 
analyzed by linking known genes to their functional 
annotation in the Saccharomyces Genome Database, 
they showed that genes of similar function cluster 
together. This external analysis showed similar results 
in human microarray data. 
 
Divisive clustering: 
An alternative hierarchical clustering method for 
analyzing microarray data has been introduced by 
Alon et al. and is called two-way clustering [10]. The 
clustering method is a divisive algorithm that is based 
on the deterministic annealing algorithm and works 
as follows: every gene, k, in the expression matrix is 
represented by the vector V

k
. During preprocessing 

the expression profile, and thus this vector, has been 
normalized. Next two vectors, C

1
 and C

2
, are 

initialized randomly to function as cluster centroid. 
The probability that gene k belongs to cluster 
centroid C

j
 is defined by the probability equation 

P
j
(V

k
):  
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β is initially 0, thus making the probability that gene 
k belongs to either centroid 50%. By iteratively 
increasing β in small steps the cluster centroids C

j
 are 

recalculated by equation 10: 
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VPV
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When two distinct, converged centroids emerge, each 
gene k is assigned to the cluster with the larger P

j
(V

k
), 

thus dividing the expression profiles in two clusters. 
Next, each independent cluster is successively split in 
the same fashion, until all clusters consists of a single 
profile. The history of the data splitting is used to 
construct a binary tree. [see picture 3]. Sibling 
branches are ordered in such a way that more similar 
clusters are closer to each other. This is done by 
locating the branch which centroid is closest to the 
centroid of the parent’s sibling nearer to the parent’s 
sibling.  
 
Although no similarity matrix is constructed, genes 
are separated based on the shape of expression 
patterns like in the correlation coefficient. The 
probability that a gene belongs to a centroid depends 
on the Euclidean distance between the vectors of gene 

k and centroid j, 
2

jk CV − . 

 
Application: When Alon et al. applied this two-way 
clustering on oligonucleotide array data from tumor 
and normal colon tissue, they found that co-
regulated families of genes, like ribosomal proteins, 
cluster together.  
 
Alon et al. used the same data set to cluster the tissues 
(both the rows and columns of the expression data 
matrix are clustered). They showed that this 
technique could separate cancerous from non-
cancerous tissues. 
In the case of grouping tissues each experiment is 
represented as an ‘experiment vector’ consisting of 
the expression values for each gene; these define an 
‘experiment space’, the dimensionality of which is 
equal to the number of genes assayed in each 
experiment. 
 
Advantages and drawbacks: The advantage of 
hierarchical clustering is that the end result can easily 
be visualized, from which co-regulated patterns can 
be relatively easily discerned by eye. The tree-based 
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visualization makes it possible to explore different 
levels of the hierarchy [17]. This is a great advantage 
over the non-hierarchical alternatives. Aggregative 
hierarchical clustering has become popular in part 
due to the early availability of the Cluster and 
Treeview software specifically designed for gene 
expression by Eisen et al. Nowadays many different 
software packages are available for a wide range of 
clustering methods. 
Although hierarchical clustering has become very 
popular, there are some drawbacks. First, there is no 
reason to believe that expression data is naturally 
organized in hierarchical trees [18]. This in contrast 
to evolutionary biology, where hierarchical clustering 
is the most logical assumption. Secondly, if a bad 
assignment is made early in the process, it cannot be 
corrected and it may adversely affect the final result 
[17]. There is no procedure for reevaluating after a 
gene is assigned to a certain cluster. 
Aggregative clustering has two other potential 
problems. While clusters are growing in size, the 
actual expressions vectors of the genes in the cluster 
become less relevant [17]. The expression vector of 
the cluster may no longer represent any of the genes 
in the cluster. Furthermore, the performance of the 
algorithm decreases with the square of the number of 
genes to classify. So calculation times could become 
very large when a large number of genes is included 
in the analysis. Though, as computers continue to 
become increasingly more powerful, this may be of 
no significance. 
 
An alternative to hierarchical clustering, which can 
avoid some of these problems, is non-hierarchical 
clustering. This approach uses divisive clustering to 
partition microarray data into groups that have 
similar expression patterns. 
 

Non-hierarchical clustering - 
partitioning 
It is assumed that there is a pre-existence of 
groupings in the microarray data to be clustered. In 
hierarchical clustering these groupings can be found 
by breaking the clustering in an ad hoc manner, 
somewhere down the tree. In non-hierarchical 
clustering microarray data is partitioned by grouping 
expression profiles in clusters. Instead of building a 
tree structure, non-hierarchical clustering methods 
try to find the optimal distribution of the expression 
profiles over a certain number of clusters.  
 
Some partitioning methods require to make an a 
priori decision on the number of the distinct clusters. 
In these methods, the optimal number of clusters is 
usually chosen by evaluating several partitionings 
with different numbers of clusters. 
There is a group of techniques that can help to 
estimate the number of clusters in a data set. One of 
these techniques is Principal Component Analysis 

(PCA). This mathematical technique removes 
redundant or insignificant features from the data. 
This produces a projection of complex data sets onto 
an easily visualized space (usually two dimensions). 
Evaluation of this projection allows visual estimation 
of the number of clusters represented in the 
microarray data [see references 19, 20 and 21 for 
applications of this method]. 
 
Some newer non-hierarchical clustering algorithms 
avoid the pre-definition of the number of clusters 
and determine it itself. Two optimization-based 
methods in which the number of these clusters have 
to be predefined are discussed (k-means and SOM). 
Next, two methods are discussed that cluster the data 
and try to find the optimal number of these clusters 
as well (quality cluster and simulated annealing). 
 
K-means clustering: 
Tavazoie et al. have applied k-means clustering to 
yeast microarray data to identify transcriptional 
regulatory sub-networks [8]. In k-means clustering, 
objects are partitioned into a fixed number (k) of 
clusters. First, k points in expression space are chosen 
to function as initial cluster centroids. This can be 
done randomly, or by the user, to reflect 
representative expression patterns. Tavazoie et al. 
chose centroids with a maximum distribution over 
the expression data.  
Next, each data point is assigned to the nearest 
centroid by calculating the Euclidean distance. At this 
point, the data is partitioned in k random clusters, in 
which similar expression profiles may not be assigned 
to the same cluster. By iteratively recalculating the 
centroids and reassigning genes to a centroid, the 
algorithm will minimize the sum of the distances 
between all points and their centers.  
First, each cluster centroid is recalculated as the 
average of the genes that mapped to it. Centroids will 
now be the weighted average of the genes that are 
assigned to it in the multidimensional space. Next, 
genes are reassigned to their closest centroid. Because 
the centroids are changed, genes may be assigned to 
an other cluster. This process is repeated until no 
more changes in the membership of the clusters 
occurs on consecutive iterations. At this moment, the 
algorithm has converged and the sum of the squared 
distances of expression profiles to their cluster 
centroids has been minimized. 
 
Application: Tavazoie et al. used microarray data 
from 15 time points, across two cell cycles of yeast 
with Affymetric oligonucleotide microarrays [15]. 
They applied the algorithm three times with a pre-
definition of 10, 30 and 60 clusters. In between 200 
and 400 iterations the cluster membership did not 
change significantly, thus after 200 iterations the 
algorithm had converged. They chose the 30-cluster 
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partitioning, by considering the separation, thus the 
intra-cluster distances, of the clusters.  
Tavazoie et al. mapped the genes in each cluster to 
the 199 functional categories in the Martinsried 
Institute of Protein Sciences functional classification 
scheme (MIPS) database. Many clusters showed an 
enrichment with genes with similar function.  
Tavazoie et al. also conducted a systematic search for 
upstream DNA sequence motifs for each cluster. 18 
motifs passed their criteria for biological significance 
and most of these were highly selective for the cluster 
in which they were found. 
The results of k-means clustering may not only be 
dependent on the number of clusters, but also on the 
initial choice of the cluster centroids. However, the 
robustness of the clustering results can be assessed by 
repeating the process with different initial cluster 

centroids. 
 
Self Organizing Map: 
The self organizing map method is closely related to 
k-means clustering, but has an important advantage. 
K-means clustering produces an unorganized 
collection of clusters, where cluster relationships are 
hard to interpret. SOM distinguishes itself from k-
means clustering by the pre-definition of a geometric 
configuration for the partitions. 
 
Tamayo et al. have applied SOM to expression data 
from synchronously growing yeast, macrophage 
differentiation and from hematopoietic 
differentiation of four cell lines. In their algorithm, 
genes are represented by points in k-dimensional 
gene expression space, where k is the number of 

 

Clustering Analysis of Genome-wide Expression Data – http://clustering.kiviet.com  
Figure 5 | A 6 x 5 SOM of 828
genes from yeast cell cycle
data. The centroid of each
cluster is shown with
expression level on the y-axis
and time on the x-axis. The
error bars indicate the
standard deviation of average
expression. The number of
members in a cluster is noted
next to the cluster number (n).
Note that some clusters look
very similar (for example
clusters #24, 28 and 29).
Figure copied from Tamayo et
al. [11]. 
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experiments analyzed.  
A predefined number of partition centroids are 
randomly mapped into the gene expression space. 
The relation between these centroids is defined 
beforehand by placing them in a two-dimensional 
grid. The algorithm tries to find the optimal 
distribution of the centroids over the data in the 
expression space, while considering the centroids 
topology in the two-dimensional grid.  In this way, 
centroids that are close in the two-dimensional grid 
are close in expression space.  
The optimal distribution is sought by iterative 
adjustments of the centroids. When the algorithm 
reaches convergence, the genes are mapped to 
partitions depending on which centroid is closest, 
measured in Euclidean distance. The iterative 
adjustment of the centroids works as follows: 
Each iteration a gene expression point, P, is picked 
randomly, and the closest centroid, N

P
, is 

determined. Next, the closest centroid is moved in 
the direction of P. The other centroids are moved in 
the direction of P by smaller amounts depending on 
the learning rate τ. This function decreases when a 
centroid is farther away from N

P
 in the two-

dimensional grid. The position of every centroid is 
recalculated with formula fi(N), where i is the ith 
iteration: 
 

( )( )(),,()()(1 NfPiNNdNfNf iPii −+=+ τ )    (11) 

 
Equation 11 shows that the learning rate τ is a 
function of both the distance of a centroid to N

P
 and 

the iteration number. The learning rate decreases  
 
Application: Tamayo et al. showed that SOM 
partitioning, applied to a small yeast data set, gave 
similar results as visual inspection of expression 
profiles [see figure 5]. They also applied SOM to 
hematopoietic differentiation in four well studied 
models, consisting of 17 different array experiments. 
SOM could successfully identify the predominant 
gene expression patterns in this data set. 
 
Advantages and drawbacks: A useful feature of SOM 
is that it can impose a partial structure on the 
clusters. Hierarchical clustering shows a rigid 
structure and k-means clustering results in no 
structure at all. However, SOM requires the choice of 
geometry in addition to the choice of the number of 
clusters. This artificial grid structure makes the 
results easy to visualize, but may have unwanted 
effects on the final clustering [7]. Both k-means 
clustering and SOM require some sort of source for 
determining the number of clusters that best 
represents the available data. 
This source can be a technique like Principal 
Component Analysis that allows a visual estimation 
of the number of clusters in the data [21]. It is also 
possible to apply k-means or SOM with a range of 

pre-defined numbers of clusters and determine the 
optimal number by a critical evaluation of the results. 
Some novel clustering techniques require no pre-
definition of the number of clusters, however use a 
pre-defined diameter threshold for the clusters. 
 
Quality cluster 
As mentioned, an important drawback of partition 
methods as K-means clustering and SOM is that the 
number of clusters must be specified prior to running 
the algorithm. Heyer et al. have proposed the quality 
cluster algorithm, which does not require a 
predefined number of clusters [4]. Instead, it requires 
a definition of the maximum size of a cluster. The 
algorithm has been developed with the focus on 
extracting large clusters from expression data, 
requiring that each cluster satisfies a quality 
guarantee. This quality guarantee must ensure that all 
members within a cluster are co-expressed with all 
other members. The quality of a cluster C where S

ij
 is 

the similarity between gene i and j can be defined by: 
 

{ }ijCjiC SQuality ∈−= ,min1    (12) 

 
So the quality of a cluster depends on the two genes 
that are most dissimilar, which could be regarded as 
the diameter of the cluster. Because the jackknife 
correlation [see measure of similarity section] that 
Heyer et al. use lies in the interval [-1,1], the cluster 
diameter can range from 0 to 2. 
 
The quality cluster algorithm works as follows: the 
first gene from the expression matrix is chosen and a 
candidate cluster is formed around this gene. This is 
done by adding the gene that has the greatest 
jackknife correlation with the candidate cluster. In 
this way genes are added to the cluster in the order 
that minimizes the increase in cluster diameter, until 
no gene can be added without surpassing the 
diameter threshold of the cluster. This procedure is 
repeated for every gene in the data matrix, noting all 
genes are available for every cluster. 
This process produces a number of candidate clusters 
that is equal to the number of genes in the data 
matrix. Every single gene can be located in several 
different candidate clusters. At this point the 
candidate cluster with the highest number of genes 
assigned to it, is transformed to a final cluster. All 
genes in this cluster are removed from the expression 
matrix, and the procedure is restarted from the 
beginning.  
From the new candidate clusters the one with the 
highest number of genes is selected and so on. At a 
certain point during the repetition of the procedure, 
only candidate clusters with just a few genes assigned 
to it remain. The aim of the analysis with this 
algorithm is to discover the general cluster patterns 
present in the data, so there is no use in clustering the 
remaining genes that are only similar to a few other 
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genes. Therefore a criterion is introduced, that checks 
whether the largest remaining cluster has fewer than 
some pre-specified number of elements. The gene 
expression profiles remaining in the data matrix, are 
not assigned to a final cluster. 

 

 
Application: Heyer et al. analyzed a seventeen time-
point mitotic cell cycle microarray data set from yeast 
[15] using the quality cluster method. After 
preprocessing and standardization of the expression 
matrix, they applied the algorithm and partitioned 
the data in clusters with a maximum size of 0.3. This 
threshold corresponds to a minimum jackknife 
correlation of 0.7 for the most dissimilar genes and 
was chosen after visual inspection of the formed 
clusters at different thresholds.  
This analysis revealed the general cluster patterns in 
the microarray data. Heyer et al. went on to analyze 
some specific clusters in more detail. They used their 
algorithm to monitor the build-up of a cluster 
around a pre-defined center. As center they used the 
median expression level of a cluster that was revealed 
in the original (global) analysis. The center was used 
as the first expression profile around which a 
‘candidate’ cluster was build. After every addition of 
an expression profile, the cluster diameter was 
recorded. Finally, several plots could me made 
showing the growing cluster with increasing size and 
decreasing quality [see figure 6]. By visual analysis of 
these plots the optimal size and quality of the cluster 
can be determined. 
 
This approach is also effective when there is a specific 
gene of interest. In global clustering, this gene may be 
assigned to a very small cluster. By growing a cluster 
around this specific gene as center, the optimal 
cluster size and quality can be determined by visual 
analysis.  
Another application of this ‘detail clustering’ is 
focusing on a cluster of genes related to some known 
gene family. This approach builds a cluster around 
one of the known gene family members until most of 
the known genes in the family are added. The other 
genes in the cluster may be related to this family and 
provide candidates for further study. When the 
known family members do not show correlation, this 
method is ineffective, because the cluster gets too 
many members. Figure 6 | Iterative build-up of cluster containing periodic G

1

phase related genes. A, b and c show plots of the cluster with
increasing diameter and number of members. Plot a shows the
members of the cluster from the global analysis. With a diameter
threshold of 1.2 (plot c) the cluster contains 272 members, but
clearly contains some dissimilar expression profiles. Plot b shows
that with a diameter of 0.5 the quality of the cluster is still high.
Figure copied from Heyer et al. [4]. 
    
 

 
The main advantage of the quality cluster algorithm 
is the lack of a pre-definition of the number of 
partitions. One could state that the pre-definition of a 
diameter threshold is as arbitrary as setting the 
number of clusters. Though, the direct relation 
between the threshold and the quality of clusters 
gives the guesswork a more intuitive touch [17]. 
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Simulated annealing clustering  
Lukashin and Fuchs introduced a different approach 
in determining the optimal number of clusters for a 
specific data set [12]. Their method consists of an 
algorithm that finds the optimal distribution of 
expression profiles over a pre-defined number of 
clusters. This algorithm is iteratively applied to a 
given data set with an increasing number of clusters. 
A second algorithm evaluates the clustering and 
determines quantitatively whether the optimal 
number of clusters is reached.  
 
Optimal distribution: The cluster-algorithm is based 
on the simulated annealing procedure and is meant 
for clustering of temporal gene expression profiles. 
This procedure finds an optimization of partitioning 
of gene expression profiles in a pre-defined number 
of clusters. The difference between k-means 
clustering and SOM is that the algorithm guarantees 
to find the global optimum of the distribution of the 
genes over the clusters. K-means clustering and SOM 
can get stuck in a local optimum, when unfortunate 
initial cluster vectors are chosen. Clustering by 
simulated annealing works as follows:  
Expression profiles are normalized such that the 
expression level varies between 0 and 1. The 
Euclidean distance is used to measure similarity. All 
vectors are randomly assigned to one of K clusters. 
Next, the algorithm will try to minimize the sum of 
distances d

ij
 within these clusters by minimizing: 
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This E-value is regarded as the energy of the system. 
Lukashin et al. claim that the optimal distribution of 
expression profiles over the clusters is achieved when 
this equation is minimized. Now a randomly chosen 
expression vector is assigned to another (randomly 
chosen) cluster. If this results in a decrease of the 
energy of the system, the reassignment is accepted 
unconditionally. If the reassignment is not favorable 
for the energy of the system, it is accepted with 
probability: 
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Where parameter T can be interpreted as the 
‘temperature’. After a sufficient number of iterative 
steps the system will obey the Boltzmann distribution 
at a given T. Consequently, if ‘temperature’ T is 
cooled down slowly enough to zero, the system will 
reach its global minimum. The sum of distances 
within clusters (E(K)) will avoid local minima, by 
using the cooling schedule: 
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Figure 7 | Normalized distribution function of distances
between profiles from reverse engineering experiment. The
solid curve represents the original data, the dashed curve
represents the distribution function for a randomized data
set. The left shoulder of the solid curve corresponds to profile
pairs that should cluster together. The right peak corresponds
with the profile pairs belonging to different clusters.
Randomizing the dataset removes the left shoulder, because it
destroys any clusters inherent to the data. Figure copied from
Lukashin and Fuchs [12]. 
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here n is the iteration step. It was determined that 
or  local minima were avoided. 199999,0 << c

ptimal number of clusters: In order to check 
hether the optimal number of clusters was defined 

n the cluster algorithm, Lukashin and Fuchs propose 
 conceptual framework. They state that the optimal 
umber of clusters depends primarily on the 
ariation between profiles in a given data set. If there 
s a high variation, more clusters are needed to obtain 
ight clusters with distinctive patterns of expression. 
ut at a certain point, increasing the number of 
lusters K may result in ‘over-tightening’ of the 
lusters. Eventually, the experimental error can 
xceed the standard deviation within clusters. 
herefore, their approach requires a cutoff distance 
, which is roughly the same as the threshold of 
uality cluster analysis. Within a cluster, each 
ombination of vectors i and j whose Euclidean 
istance is larger than D is seen as an ‘incorrect 
ector pair’. When microarray data is optimally 
artitioned in a number of clusters K, a fraction of 
ector pairs in a cluster will be incorrect. Equation 16 
alculates the average percentage of incorrect vector 
airs: 
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here I
k
 is the number of incorrect vector pairs in 

luster k and N
k
 the total number of vector pairs in 

luster k. The average percentage of incorrect vector 
airs decreases monotonously with the increase of 
he number of clusters K. In this conceptual 
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framework the optimal number of clusters is defined 
as the solution of: 

 

 

( ) PKDf =,    (17) 
 
where P represents the fraction of allowed false 
positives. Now the parameters D and P have to be 
optimized, in order to optimize the number of 
clusters. Lukashin and Fuchs consider the fraction of 
allowed false positives as an analog to the pre-
assigned P-value in regular statistical tests. With this 
in mind, they rather arbitrarily set P = 0.055. 
Parameter D can now be derived using a constructed 
data set with known optimal number of clusters KOPT. 
Therefore equation f(D,KOPT)=P must be solved  for 
P=0.055 and KOPT is known. For the particular data 
set used by Lukashin and Fuchs an optimal cutoff 
distance was found with D=1.10. It was determined 
that the optimal cutoff distance D was stable over a 
range of optimal numbers of clusters.  

Figure 8 | Clustering of 1306 genes from yeast cell cycle data
into 20 clusters. The average pattern of each cluster is shown
with expression levels on the y-axis and time points on the x-
axis. The smooth curves indicate the standard deviation of
average expression. The number of members in a cluster is
noted next to the cluster number. Figure copied from
Lukashin and Fuchs [12]. 

 
However, the threshold D derived in this reverse 
engineering experiment is only valid for a data set 
with the given size, i.e. same number of time points 
and same number of genes. The reverse engineering 
experiment was used to derive a method for 
determining D in other data sets. To this end, the 
time points of all profiles were randomly shuffled. 
Next, the fraction of randomly generated profiles i 
and j whose Euclidean distance is smaller than D is 
calculated by:  
 

( ) ( )∫=
D

dxxgDQ
0

   (18) 

 
where g(x) represents the normalized distribution 
function of distances between profiles with randomly 
shuffled time points [see figure 7]. For P=0.055 and 
D=1.10, the probability of finding two profiles 
randomly clustered together in the randomized data 
set is calculated to be 0.05. Lukashin and Fuchs use 
this value (Q(D)=0.05) as a measure that should hold 
for the distribution of randomized profiles of every 
data set. 
 
Application: Lukashin and Fuchs applied the 
algorithm to the yeast cell cycle data from Cho et al. 
Their methodology found the optimal number of 
clusters to be 20 [see figure 8]. There is no strong 
visual similarity between the patterns of these 20 
clusters. Tamayo et al. performed SOM analysis on 
practically the same data set with a predefined 
number of clusters of 30. Some of their clusters 
demonstrate the same shape and could possibly be 
combined into one group [see clusters #24, 28 and 29 
in figure 5]. The simulated annealing algorithm 
generates only one cluster of this shape [see cluster 
#18 in figure 8]. 
 

Advantages and drawbacks: This algorithm part-
itions all expression profiles over an optimal number 
of clusters. The algorithm determines a threshold for 
the cluster size, but allows the distance between some 
vector pairs within a cluster to exceed this threshold. 
So clusters may be larger than the threshold distance. 
A potential drawback of this method is that it doesn’t 
allow any leftover genes, as is the case in quality 
clustering. An expression profile that isn’t similar to 
any other, has to be assigned to some cluster. When 
analyzing specific clusters, these outliers have to be 
removed by visual inspection. Quality clustering can 
do this automatically. 
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Supervised Grouping - Classification 

The goal of computational analysis of microarray 
experiments is to extract knowledge about the 
underlying biological processes. The unsupervised 
clustering methods, as described in the previous 
section, try to achieve this by grouping genes with 
similar properties. They aim to discover patterns in 
the data, unbiased by outside knowledge. Existing 
biological knowledge, in terms of known gene-
function relations, is only used to validate the 
clusters, formed by comparing expression profiles 
alone. 

 

 Figure 9 | Hyperplane separating members (red) and non-
members (green). Here, the input data is shown in 3
dimensions. This corresponds with 3 microarray
experiments. Note that in this case the hyperplane has the
same dimension as the input data. Figure copied from
Gaasterland and Bekiranov [22]. 

 

Supervised grouping methods use a different 
approach in extracting knowledge from microarray 
data. Supervised learning algorithms are designed in 
such a way that, while organizing the microarray 
data, they reproduce groupings that are known from 
external information. The classification information 
from outside the microarray experiment is used to 
drive the analysis of the microarray experimental 
results and thus ‘supervise’ the analysis. These 
approaches typically require a set of known genes and 
their function. These examples are used to build a 
classifier that can reliably group data of which the 
classification is unknown. Thus, they can be used to 
predict the function of unknown genes.  
Some examples of supervised learning techniques are 
linear discriminants and support vector machine 
(SVM). Linear discriminants use learning sets to 
estimate a probability distribution for the value of 
each feature in each set. An unclassified gene is 
assigned to the set that has the closest distribution. 
Support vector machines uses a learning set to 
distinguish between members and non-members of a 
class. It determines expression features that are 
characteristic of a class. In this way, SVMs can assign 
genes to a group. 
 
Brown et al. have demonstrated the use of SVMs for 
analysis of microarray data [13]. Their application of 
several supervised learning methods to yeast 
expression data is discussed in this section. 
 
Support vector machines 
Brown et al. have described the use of SVMs on 
microarray data to classify yeast genes of unknown 
function. A SVM uses a training set to learn which 
normalized expression profiles should cluster 
together. In order to build a classifier, this technique 
represents each gene as a point in an m-dimensional 
expression space, where m is the number of DNA 
microarray hybridization experiments. External 
information is used to classify each gene as a member 
or non-member in this space. For instance, to build a 
classifier for genes coding ribosomal proteins a 
member set is created containing genes that are 
already known to be member of this class. In 

addition, a non-member set is created containing 
genes from other functional classes. Genes that are 
unknown, or of which the classification is unknown, 
are not used to build the classifier.  
 
To build a classifier a hyperplane is constructed 
separating the points that represent the genes of the 
member and the non-member class [see picture 9]. A 
hyperplane is the analog of a line or plane in N-
dimensional space, where it divides an ‘N + 1’ 
dimensional space into two. This division will make it 
possible to classify unknown genes, by checking the 
position of this gene in expression space compared to 
this hyperplane. 
 
Kernel function: Unfortunately, for microarray data 
there usually doesn’t exists a separating hyperplane 
that successfully separates all positive from the 
negative members. To solve this problem, SVMs can 
map the data points in a higher-dimensional space 
(‘feature space’) and try to find a separating 
hyperplane there. 
The distance between expression profiles is measured 
using a mathematical function known as the kernel 
function. This is the equivalent to the distance 
measure used in unsupervised clustering. By using 
special kernel functions, the data points can be 
regarded in a higher-dimensional space. 
The simplest kernel function calculates correlation 
between two genes by means of the dot product. 
When this kernel function is used, the feature space 
has the same dimension as the original space. For 
technical reasons 1 is added resulting in a kernel 
function with the following form: 
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Clustering Analysis of Genome-wide Expression Data – http://clustering.kiviet.com         15    



Gene expression analysis techniques – Supervised grouping 

Brown et al. mapped data points into higher 
dimensional space by using the following kernel 
functions: 
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They also experimented with a radial basis kernel 
function with α set equal to the median of the 
Euclidean distances from each positive example to 
nearest negative example: 
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For some data sets, SVMs might not achieve clean 
separation between the members and non-members. 
This can be caused by either an improperly chosen 
kernel function, or errors in the classification in the 
training set, or noise in the data. Brown et al. address 
this problem by allowing some training examples to 
be located on the wrong side of the hyperplane (a soft 
margin).  
 
Usually, the non-member genes in training sets of 
microarray data are relatively abundant. The number 
of members ranges from a few to one or two 
hundred. The number of negative examples normally 
exceeds two thousand. Therefore, more negative 
examples are allowed to be misclassified than positive 
examples.  
 
Quality assessment: In order to train a SVM the soft 
margin as well as a kernel function have to be 
defined. Different parameters often yield completely 
different classifications. It is therefore necessary to 
assess the quality of a constructed hyperplane. This 
can be done by using only a part of the training set. 
The remaining set can be classified by the SVM to 
measure the performance of the hyperplane. When 
the performance of a constructed hyperplane is good, 
it can either be used to classify unknown genes, or to 
identify outliers in the training set.  
These outliers reflect the different perspectives of 
classification between SVMs (consider expression 
patterns) and most external sources (consider protein 
structure or membership of a complex or pathway). 
However, the outliers may also be genes that have 
been assigned to the incorrect class by the external 
classification. Some examples of outliers are 
discussed with the results of an application of SVMs. 
 

Application: Brown et al. analyzed the same yeast 
data set as Eisen et al. in a supervised manner [13]. 
SVMs were trained to recognize five sets of genes 
from functional classes that were expected to be co-
regulated. These five functional classes were chosen 
based on the observation that their members cluster 
together in the hierarchical analysis by Eisen et al. 
However, the sets used by the SVMs were composed 
using class definitions from the Münich Information 
Center for Protein Sequences Yeast Genome 
Database (MYGD – http://mips.gsf.de/proj/yeast/). 
These class definitions come from biochemical and 
genetic studies of gene function and not 
measurements of mRNA levels of genes. 
The five classes that were selected are: tricarboxylic 
acid (TCA) cycle, respiration, cytoplasmic ribosomes, 
proteasome, histones. On biological grounds, these 
classes are expected to exhibit similar expression 
profiles. A sixth class (helix-turn-helix proteins) was 
selected and was included as a control group. There is 
no reason to believe that proteins with a helix-turn-
helix are co-regulated. 
 
Validation: To measure the performance of SVMs 
using different kernel functions and compare them to 
other supervised methods, Brown et al. trained these 
classifiers with two-thirds of the learning sets. Next, 
the classifiers were tested on the remaining third of 
the training set. This procedure was repeated twice 
using a different third of the genes as test genes. The 
performance was measured by a function that 
considered both the number of false positives and 
false negatives the classifiers produced. 
The results of this validation experiment showed that 
SVMs can recognize that genes belong to a particular 
class. None of the classifiers could learn to recognize 
the control group, proving that the learning was 
based on the classification of the genes. SVMs showed 
to be a better performing method than the other 
machine learning algorithms. The radial basis kernel 
function [see equation 22] and the higher-
dimensional kernel functions [see equations 20 and 
21] showed the best performance for different classes. 
 
Outliers: In this validation experiment 25 genes from 
the 2467 pre-classified genes, were consistently 
misclassified by the four different SVMs used. 
Further inspection of these genes showed that a large 
number of them are known to be involved in or 
related to the functional class the SVMs assigned 
them to. For example, YAL003W encodes a 
translation elongation factor, EFB1, known to be 
required for the proper functioning of the ribosome. 
Expression of this protein is similar to the expression 
of ribosomal proteins. However, YAL003W isn’t 
strictly a ribosomal protein, and therefore is not 
included in this class by MYGD. 
Some other misclassifications may be caused by the 
fact that MYGD classifies genes primarily by 
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structure. For example, YKL049C is classified as a 
histone protein by MYGD based on its 61% amino 
acid similarity with histone protein H3. Its expression 
profile, however, shows that it is not co-regulated 
with the histone genes. 
Other genes were not co-regulated on the 
transcriptional level within the specific MYGD class.  
Some other misclassifications appeared to be caused 
by corrupt data, both from the microarray data as 
well as from the MYGD classification. For example, 
YLR075W was classified by the SVMs as a 
cytoplasmic ribosomal protein, but MYGD did not. 
The original annotation in MYGD has since been 
corrected, because YLR075W is a ribosomal protein 
[23,24]. 
 
Classification: Finally, Brown et al. used the four 
SVMs to classify unknown genes from the complete 
yeast data set. From this data set 15 genes were 
assigned to one of the five classes by at least three of 
the four SVMs. One of the candidates for the 
respiration cluster was recently annotated as 
encoding a subunit of the mitochondrial ATP 
synthase complex. This annotation had not yet been 
included in the MYGD database. Further biological 
study is necessary to confirm whether the 
classification of the other genes agrees with or can 
help in the interpretation of their biological function. 
 
SVMs have also been applied in classification of 
samples. Furey et al. [14] have shown that this 
technique can both be used for classification as well 
as for exploration of mis-labeled samples. Analysis 
with SVMs of data sets that had previously been 
analyzed using hierarchical clustering [10] and a kind 
of PCA [25] produced comparable results. 
 
Advantages and drawbacks: Supervised learning can 
only be applied to microarray data if some previous 
information about which genes are expected to 
cluster together is available. It can not find novel 
groupings and is not suitable for global exploration 
of microarray data. However, this information can 
come from unsupervised clustering of co-expressed 
genes or from an ‘external’ source with a functional 
annotation of genes.  
Supervised learning methods can use an external 
source of information to produce a pre-classified set 
of genes. The unsupervised clustering can help in 

selecting interesting classes. Support vector machines 
analyze microarray data using the distinction 
between membership or non-membership of these 
classes. First, they categorize the characteristics of the 
genes within the set of interest. Next, SVMs can 
either point out genes that do not belong to the set or 
search for other genes that are co-expressed with the 
set.  
 
After being introduced to a group of functionally 
related genes, SVMs perform considerably better than 
unsupervised methods in extracting the correct 
members of this class from the microarray data. 
Hierarchical clustering assigns genes of known 
classification to the wrong class more often than 
higher-order SVMs [13]. 
The success of supervised grouping is dependent on 
whether high quality labeled sets are provided. The 
sets used by Brown et al. were selected based on 
evidence that they clustered together, determined by 
hierarchical clustering [9]. So, the co-expression of 
these classes was already established. Other classes of 
genes may be functionally related, but show no 
similar expression patterns. Therefore, some 
functional classes may not be recognizable at all from 
mRNA expression data. However, SVM can be useful 
in exploring the relation between grouping from 
microarray data (based on expression patterns) and 
grouping from external information (based on 
function, structure, etc.). 
 
Brown et al. have shown that SVMs outperform a 
range of other learning methods. Some learning 
techniques do not perform well on datasets where the 
number of features is large compared to the number 
of experiments [13]. These techniques usually start 
with a procedure to extract the most relevant 
features. SVMs are believed to be an exception. 
 
In conclusion, the primary advantage with respect to 
unsupervised methods discussed in this paper, is its 
ability to focus on key genes and extract the 
biological meaning from genome-wide expression 
data by relating it to external information. By relating 
expression patterns to outside information, the 
biological similarities that may underlie the 
expression pattern can be discovered and interpreted.
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EXAMPLE OF GENOMIC EXPRESSION ANALYSIS IN 
MOLECULAR BIOLOGY  

This section will be used to give an example of how 
the analysis of multiple microarray experiments can 
identify co-regulated genes. Ogawa et al. have used 
DNA microarrays for a thorough search to identify all 
the components regulated by the PHO regulatory 
pathway in yeast Saccharomyces cerevisiae [26]. 

 

 
The PHO regulatory pathway regulates the 
expression of genes involved in the scavenging and 
specific uptake of phosphate (P

i
) from extracellular 

sources. This regulation system is of vital importance, 
because phosphate is an essential nutrient for yeast 
(as for all organisms). Five PHO-specific regulatory 
proteins are known to regulate at least nine genes [see 
figure 10]. The Pho81 protein inhibits the Pho80-
Pho85 kinase activity when the Pi concentration in 
the medium is low. Subsequently, Pho80-Pho85 
kinase stops to inactivate the Pho4 protein. Active 
Pho4 in combination with Pho2 activates gene 
expression of PHO5 and PHO84. The Pho84 protein 
is a high-affinity P

i
 transporter. The Pho5 protein is 

an acid phosphatase localized to the periplasmic 
space. 

Figure 10 | PHO regulation system. Function of the
simplified schematic of the PHO regulation mechanism is
shown in high P

i
  media and low P

i
 media. Ovals and boxes

represent proteins and genes, respectively. Grey elements are
inactive, other elements are active. Dotted lines indicate the
absence of an interaction. Thick lines indicate the presence of
an interaction. On the right side the mutants used in the
study of Ogawa et al. are shown. Figure copied from Ogawa
et al. [26]. 

 
 
Genomic expression measurements: At least seven 
other genes are known to be regulated by the PHO 
regulatory system: PHO11, PHO12, PHO8, PHO89, 
PHO86, PHO81, and SPL2. A logical step in the 
elucidation of the PHO regulatory system is 
identification and characterization of all the 
components regulated by this system. DNA 
microarray experiments can do just this in a direct 
and systematic way. 
Therefore, DNA microarrays were used to search for 
yeast genes regulated by the PHO regulatory system. 
First, the relative expression levels were measured 
between yeast growing in low-P

i
 medium and yeast 

grown in high-P
i
 medium. This experiment was re-

conducted twice; once with the same strain and once 
with another S. cerevisae strain. Analysis of these 
three experiments by simple ordering showed 
induction of PHO5 en PHO84 as expected. It also 
showed a large number of other induced genes. The 
expression of these genes is directly or indirectly 
dependent on the external P

i
 concentration.  

 
To determine which of these genes were dependent 
on the known PHO-specific regulatory proteins, 
more diverse microarray experiments had to be 
conducted. Four strains were created with a mutation 
in one of the components of the PHO regulatory 
system [see figure 10]: a PHO4 gain-of-function 
mutant, a pho80 deletion mutant, a pho85 deletion 
mutant and a PHO81 gain-of-function mutant. The 
gain-of-function of PHO4 was achieved by deletion 

of a part of the N-terminal region that interacts with 
PHO80 [27]. A constitutive PHO81 mutant was 
created by removal of the N-terminal domain with 
negative regulatory function [28]. 
Grown in standard (YPAD) media, the expression 
levels in these mutant strains were measured relative 
to the wild-type strain. This resulted in more 
extensive expression profiles for the induced genes. 
More than 80 genes showed more than twofold 
induction in any of the eight conducted experiments. 
These genes were clustered using a hierarchical 
clustering method [see figure 11]. The Cluster 
program from Eisen et al. was used to build a 
dendrogram and to order the expression patterns [9]. 
 
Analysis of clustering: Eight of the nine genes that 
have previously been reported to be PHO-regulated 
showed more than two-fold induction in more than 
five independent experiments out of the eight. These 
genes clearly cluster together [see top of figure 11]. 
Although the other known PHO-regulated gene, 
PHO81, did not show the same induction levels, it 
was identified as a gene that responded to all tested 
conditions. 
Twelve additional genes showed more than two-fold 
induction in more than five independent 
experiments. Examination of sequences within 500 
bp upstream of these genes identified the previously 
described Pho4 binding sites CACGTG and/or 
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ORF  Gene

Previously 
described as 

YFL004w family   
     YFL004w PHM1 VTC2 
     YPL019c PHM2 VTC2 
     YJL012c PHM3 VTC4 
     YER072w PHM4 VTC1/NRF1 
Others   
     YDR452w PHM5  
     YDR281c PHM6  
     YOL084w PHM7  
     YER037w PHM8  
Table 1 | Newly identified PHO regulated genes. The listed 
genes had no previously defined function in phosphate 
metabolism. During thus study, PHM1-4 were reported to be 
involved in vacuolar transporter chaperon (VTC1-4) in yeast. 
In addition, a homologue of PHM4 in S. pombe (NRF1) was 
reported to encode a vacuolar membrane protein. 

 

CACGTT in 11 of them. In the genome of yeast 20% 
of all ORFs share this property. The measured 
expression pattern of the remaining gene, YER038c, is 
likely to be caused by cross-hybridization by the 
adjacent gene YER037w  (the untranslated region of 
the mRNA of YER037w is complementary to the 
single-stranded DNA on the microarray used for 
measuring YER038c). Therefore, the expression 
pattern observed with the DNA microarray has 
probably no resemblance with the real expression 
pattern of this gene.  
Eight of the 12 genes that showed tight co-expression 
with known PHO-regulated genes had not been 
identified as components in the acquisition, storage, 
or release of phosphate. These genes were named 
PHM1-PHM8 by Ogawa et al. [see table 1]. PHM1-
PHM4 have a high homology and showed high 
differential expression ratios.  

Figure 11 | DNA microarray analysis. The rows list genes that
showed more than a twofold induction in any experiment.
Columns show the 8 independent experiments which were
performed following the description in the box at the top. Low-P

i

and high-P
i
 refer to the media. Strain PHO4c has a gain-of-

function mutation of the PHO4 gene. Strain Pho80 has a Pho80
deletion. Strain Pho85 has a Pho85 deletion. Strain PHO81c has a
gain-of-function mutation of the PHO81 gene. Each experiment
should result in a de-repression of PHO regulated genes [see
figure 10]. Hierarchical clustering was applied as described by
Eisen et al. [9]. The rows were ordered based on the similarity of
their expression patterns. Figure copied from Ogawa et al. [26]. 
     

Two other genes (YER062c and YER055c) had 
previously been described and encode enzymes that 
catalyze reactions that release P

i
. One other gene, 

CTF19, has no recognized role in Pi metabolism or 
regulation, but shares promoter sequences with the 
adjacent gene PHM2. 
 
Further study: In order to elucidate the function of 
PHM1, PHM2, PHM3, PHM4, PHM5 and PHM6, 
deletion strains of these genes were constructed. By 
analyzing the polyP in these mutant strains, it was 
determined that Phm1-4 are involved in the 
accumulation of polyP. Phm5∆ mutants had a longer 
chain length polyP, what suggest that the Phm5 
protein is associated with, or is a polyphosphatase. 
Phm6∆ mutants were indistinguishable from wild-
type strains. No effort was put in the elucidation of 
the function of PHM7 and PHM8 
 
Breakthrough: Ogawa et al. have used DNA 
microarray analysis to identify more than 80 genes 
whose expression is regulated by the external P

i
 

concentration. Hierarchical analysis of multiple 
experiments showed that at least 21 of these genes are 
regulated by the PHO pathway. Among these genes, 
12 had not been identified before to be regulated by 
the PHO regulatory system. 
Ogawa et al. extended their study and addressed the 
function of PHM1-6 with deletion strains. They 
showed that PHM1-4 are involved in polyP synthesis 
and that PHM5 is (associated with) a 
polyphosphatase. These findings resulted in an 
updated scheme of the acquisition and storage system 
in yeast [see figure 12]. 
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Every Gram-negative bacterium has homologues to 
the polyP synthesizing enzyme PPK in E. coli. No 
homologous gene has been found in the genomes of  
Gram-positive bacteria, archea and eukaryotes. The 
finding that PHM1-4 are involved in polyP synthesis, 
has revealed a possible system for polyP synthesis in 
Gram-positive bacteria, archea and eukaryotes. 

 

 
Discussion: The use of multiple microarrays was 
essential for the identification of these genes. This 
necessity is evident from the fact that only 21 out of 
the original 80 genes showed tight co-expression with 
genes that are known to be regulated by the PHO 
pathway. 
Ogawa et al. visualized the expression profiles of the 
80 original genes by color coding of the expression 
values. They used hierarchical clustering to order this 
color coded expression matrix in such a way that 
similar expression patterns are close to each other. In 
this way, co-expressed genes were grouped and 
expression profiles could easily be compared in order 
to select the interesting genes. 
Selection of a group of interesting genes could also 
have been achieved with other methods. In fact, all 
clustering methods discussed in this paper, could 
have been used to cluster the co-expressed genes. 
Because some PHO regulated genes were known 
prior to the analysis, especially the application of 
SVMs would have provided a powerful alternative. 
However, for a more thorough analysis of this small 
group of interesting genes, the visual analysis of a 
color coded matrix representation appears to be of 
great aid [17]. Hierarchical clustering of this matrix 
facilitates the extraction of information from it. 

F
P
O
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 acquisition and storage system in S. cerevisiae.

HO-regulated genes are indicated in red. Figure copied from
gawa et al. [26]. 
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DNA microarrays, which can measure the transcript 
level of every gene in the genome at once, have been 
developed as a direct result of the sequencing of 
complete genomes. An important reason why 
measurements of genome-wide transcript levels are 
seen as very interesting for biological research, is the 
fact that evolution caused expression of genes to be 
coordinated with the need of the function of the 
gene. Regulatory networks have evolved in such a 
way that there is a tight connection between the 
function of the gene product and its expression 
pattern. Therefore, measurements of expression 
patterns by microarrays can contribute to the 
functional annotation of genomes. The clusters that 
can be extracted from the fundamental patterns of 
gene expression inherent in the microarray data, can 
reveal biological information by considering gene 
combinations. 
 
Microarray experiments can also be used to identify 
whether the expression pattern of a known gene 
actually is correlated with its function, and thus 
regulated at either the transcriptional level or at the 
translational or/and protein level. More advanced 
analysis aims to extract complete gene regulatory 
networks from microarray gene expression data, 
establishing who is regulating whom and how. The 
reverse engineering of cellular networks containing 
genes, their regulators and their downstream targets 
will be made more feasible by combining proteomics 
and metabolomics with the analysis of expression 
data [3]. 
The great value of microarrays at this moment, 
however, comes from grouping expression profiles in 
order to find functionally related genes. This method 
can assign new genes of unknown function to known 
functional classes. It may even identify new classes of 
co-regulated genes. 
 
Many genes have multiple functional roles in various 
pathways and are subject to different regulatory 
inputs. Therefore, when microarray experiments are 
conducted over a wide range of conditions, the 
expression pattern that can be derived for a particular 
gene, may be dissimilar with that of functionally 
related genes. Consequently, the revelation of the co-
expression patterns of some functional classes may 
require very specific mRNA expression experiments. 
To reveal the expression pattern that unites these 
functionally related genes, experiments have to be set 
up that emphasize the function of the class at hand. 
Hence, DNA microarray expression experiments with 
gain or loss-of-function mutations, as used in the 
example discussed in the previous section, can be 
very helpful. 

Well chosen experiments provide data which may 
suggest meaningful hypotheses. To draw any 
significant conclusion from microarray experiments, 
both an internal and an external analysis of the 
expression data has to be performed. The internal 
analysis tries to extract the fundamental patterns of 
gene expressions inherent in the data. Due to the vast 
amount of data, computational methods are required 
to do this. In the external part of the analysis these 
patterns are related to other biological information, 
from which further hypotheses may follow. 
 
In this paper the principal methods that have been 
used in algorithms for the analysis of genome-wide 
expression data are discussed. Because of the large 
number of different algorithms that have been 
developed for microarray analysis, it is hard to 
produce a complete review of all the available 
methods. On top of that, many more sophisticated 
techniques are rapidly being developed. However, the 
few methods that are discussed here, have proven to 
be of great value for extraction of meaningful 
biological information from microarray data. 
 
An important motivation for discussing various 
algorithms, is the fact that every analysis method will 
produce different results. It may place different 
expression profiles into different clusters. Different 
algorithms may produce different kinds of clusters, 
differing in both the relation to other clusters and the 
relation between genes within the clusters. Therefore, 
the algorithms used for microarray data analysis can 
have a profound effect on the interpretation of the 
results. Consequently, a basic understanding of these 
different algorithms is necessary for three reasons. 
First, an algorithm that is suitable for the analysis at 
hand has to be selected. Second, the algorithm has to 
be tuned to best show the relationships in the data. 
Third, understanding how algorithms extract 
patterns is required for optimal experimental design. 
 
This paper has discussed 7 different clustering 
methods. These can be divided into 3 groups, viz. the  
hierarchical (aggregative and divisive), the non-
hierarchical (k-means, SOM, quality cluster and 
simulated annealing procedure) and the supervised 
method (SVM). 
 
Grouping methods: The main advantage of 
hierarchical clustering is that the end result can easily 
be visualized using a dendrogram, which makes it 
possible to explore different levels of co-expression. 
However, to find distinct groups of co-expressed 
genes, an educated guess has to determine where the 
‘border’ of a cluster can be found in the tree. 
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Non-hierarchical clustering methods partition 
microarray data in distinct clusters. This goes at the 
cost of the hierarchy within and among the clusters. 
However, hierarchical clustering can be applied after 
partitioning in separate groups. SOM also presents an 
alternative method for visualizing the relation ships 
between clusters. 
Supervised analysis methods use a completely 
different approach to extract information from 
microarray data. Instead of finding patterns in the 
data by itself, the SVM uses an external categorization 
to force the data from known genes in a certain 
partitioning. Afterwards, the quality of the 
partitioning can be tested and used as a classifier that 
predicts the classification of unknown genes. 
Unsupervised methods offer only a limited possibility 
to estimate the quality of the classification of 
unknown genes. SVM’s predictive qualities can be 
tested on a small subset of the known genes. Because 
unsupervised methods do not use any a priori 
knowledge, they are more suitable for exploratory 
tasks, whereas supervised approaches are more 
powerful in addressing more direct questions [29]. 
 
Hierarchical: Hierarchical methods can use two 
almost opposite techniques for clustering of 
microarray data. The divisive technique attempts to 
find the most likely partitioning of data in clusters 
using a given distribution standard (sum of squared 
within-cluster distances). In this way, it has some 
similarity with some optimal distribution driven 
non-hierarchical algorithms (k-means, SOM and 
simulated annealing). However, it does produce a 
hierarchy in the clustering, allowing analysis of the 
partitioning on different levels.  
The aggregative technique allows easy visualization of 
the most similar expression profiles. A putative 
drawback is that while clusters are growing in size, 
the actual expressions vectors of the genes in the 
cluster become less relevant. Eventually, the 
expression vector of the cluster may no longer 
represent any of the genes in the cluster. 
Nevertheless, during construction of the hierarchical 
tree the cluster is still regarded in the same way as a 
cluster consisting of only one gene. 
 
Non-hierarchical: Within the non-hierarchical 
methods each algorithm has its own advantages and 
drawbacks. K-means tries to find an optimal 
distribution of genes over a number of clusters. The 
number of clusters has to be pre-defined, which is 
rather arbitrary and can have a major effect on the 
results of the clustering.  
SOM searches for an optimal distribution of genes 
over a number of clusters with a pre-defined 
relationship. This facilitates analysis of the 
relationship between clusters, but it can also force 
rather similar  expression profiles in different clusters 

or vice versa. The number of clusters has to be pre-
defined as with k-means.  
Quality cluster requires no pre-definition of the 
number of clusters. However, it does require the 
definition of a diameter threshold for the clusters. 
This diameter threshold forces the algorithm to 
produce circular clusters with a quality control. To 
reflect the transitive properties of functional relation 
and co-regulation, the algorithm ensures that all 
members within a cluster show similar expression 
patterns with all other members. The other non-
hierarchical analysis methods produce non-circular 
clusters, where transitivity in not ensured. By forcing 
transitivity, the quality cluster algorithm has the peril 
to miss genes that are only partly co-expressed. It 
circumvents this problem to a certain degree, by 
providing the possibility to focus on one cluster or 
gene, and to track a gradual growth of this cluster. 
Another handy feature of this algorithm is that it 
allows orphan expression profiles that may belong to 
no cluster at all. In this way, genes with expression 
profiles that aren’t similar to any other gene, do not 
‘pollute’ the clusters. 
The simulated annealing algorithm guarantees to find 
the optimal distribution of expression profiles over a 
pre-defined number of clusters. SOM and k-means 
cannot guarantee that the clustering results 
correspond to the optimal distribution rather than to 
a local convergence of the algorithm. The simulated 
annealing procedure defines the optimal number of 
clusters in a different way than the quality cluster. It 
requires a diameter threshold for the clusters, but 
allows some outliers. All expression profiles are 
assigned to a cluster, and the optimal number of 
clusters is determined by considering the variation in 
the data set. 
 
Supervised: Next to incorporation of external data, 
SVM has one additional benefit. Every cluster 
technique has to choose a distance measure to 
quantify the (dis)similarity between two expression 
profiles. The choice of a distance measure has a 
profound effect on the results of the clustering and 
may be as important as the choice of clustering 
algorithm. SVMs can employ a larger variety of 
distance functions than unsupervised methods. The 
measure is allowed to be calculated in higher 
dimensions, as to find better correlation between 
expression profiles that are known to be co-regulated 
[for examples see equations 20, 21 and 22]. 
 
The primary challenge of microarray analysis is to 
apply one of the possible techniques in a manner that 
helps to solve questions of biological interest. This 
paper has given an example of the application of 
microarray analysis by means of an article of Ogawa 
et al. [26]. This study has used genome-wide 
expression data in an attempt to identify all the 
components regulated by the PHO regulatory 
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pathway. They applied aggregative hierarchical 
clustering on all expression profiles that showed two-
fold induction in one of their experiments. By using 
this selection method, all genes effected directly or 
indirectly by the external P

i
 concentration or by the 

up- or down-regulation of some members of the 
PHO regulatory pathway were considered. In 
principle, all other methods described in this paper 
could have been used to select this group of genes. 
However, for the analysis of the relation between the 
expression profiles within this group, the visual 
analysis of a hierarchical clustering is very suitable. 
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