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Chapter 12

Expression and Microarrays

Joaquín Dopazo and Fátima Al-Shahrour

Abstract

High throughput methodologies have increased by several orders of magnitude the amount of experi-
mental microarray data available. Nevertheless, translating these data into useful biological knowledge 
remains a challenge. There is a risk of perceiving these methodologies as mere factories that produce 
never-ending quantities of data if a proper biological interpretation is not provided.
 Methods of interpreting these data are continuously evolving. Typically, a simple two-step approach 
has been used, in which genes of interest are first selected based on thresholds for the experimental 
values, and then enrichment in biologically relevant terms in the annotations of these genes is analyzed 
in a second step. For various reasons, such methods are quite poor in terms of performance and new 
procedures inspired by systems biology that directly address sets of functionally related genes are 
currently under development.

Key words: Functional interpretation, functional genomics, multiple testing, gene ontology.

Genes operate within the cell in an intricate network of interactions 
that is only recently starting to be envisaged (1–3). It is a widely 
accepted fact that co-expressed genes tend to play common roles 
in the cell (4, 5). In fact, this causal relationship has been used to 
predict gene function from patterns of co-expression (6, 7).

In this scenario, a clear necessity exists for methods and tools 
that can help to understand large-scale experiments (microarrays, 
proteomics, etc.) and formulate genome-scale hypotheses from a 
systems biology perspective (8). Dealing with genome-scale data 
in this context requires the use of functional annotations of the 
genes, but this step must be approached from within a systems 
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biology framework in which the collective properties of groups 
of genes are considered.

DNA microarray technology can be considered the dominant 
paradigm among genome-scale experimental methodologies. 
Although many different biological questions can be addressed 
through microarray experiments, three types of objectives are 
typically undertaken in this context: class comparison, class pre-
diction, and class discovery (9). The two first objectives fall in the 
category of supervised methods and usually involve the applica-
tion of tests to define differentially expressed genes, or the appli-
cation of different procedures to predict class membership on the 
basis of the values observed for a number of key genes. Clustering 
methods belong to the last category, also known as unsupervised 
analysis because no previous information about the class struc-
ture of the data set is used.

The extensive use of microarray technology has fueled the 
development of functional annotation tools that essentially study 
the enrichment of functional terms in groups of genes defined by 
the experimental values. Examples of such terms with functional 
meaning are gene ontology (GO) (10), KEGG pathways (11), 
CisRed motifs (12), predictions of transcription factor binding 
sites (13), Interpro motifs (14), and others. Programs such as 
ontoexpress (15), FatiGO (16), GOMiner (17), and others, can 
be considered representatives of a family of methods designed 
for this purpose (18). These methods are used a posteriori over 
the genes of interest previously selected in a first step, in order to 
obtain some clues to the interpretation of the results of micro-
array experiments. Typical criteria for selection are differential 
expression (class comparison), co-expression (class discovery), 
or others. By means of this simple two-step approach, a reason-
able biological interpretation of a microarray experiment can be 
reached. Nevertheless, this approach has a weak point: the list 
of genes of interest. This list is generally incomplete, because its 
definition is affected by many factors, including the method of 
analysis and the threshold imposed. In the case of class discovery 
analysis, the use of biological annotations has also been employed 
as a cluster validation criterion (19).

Thus, the difficulties for defining repeatable lists of genes of 
interest across laboratories and platforms even using common 
experimental and statistical methods (20) has led several groups 
to propose different approaches that aim to select genes, taking 
into account their functional properties. The Gene Set Enrich-
ment Analysis (GSEA) (21, 22), although not free of criticisms 
(23), pioneered a family of methods devised to search for groups 
of functionally related genes with a coordinate (although not 
necessarily high) over- or under-expression across a list of genes 
ranked by differential expression coming from microarray experi-
ments. Different tests have recently been proposed with this aim 
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for microarray data (24–30) and also for ESTs (31) and some 
of them are available in Web servers (32, 33). In particular, the 
FatiScan procedure (32, 33), which implements a segmentation 
test (24), can deal with ordered lists of genes independently from 
the type of data that originated them. This interesting property 
allows its application to other types of data apart from microar-
rays. Also recently, biological information (34, 35) or phenotypic 
information (36) has been used as a constitutive part of clustering 
algorithms in the case of class discovery (clustering) analysis.

The final aim of a typical genome-scale experiment is to find a 
molecular explanation for a given macroscopic observation (e.g., 
which pathways are affected by the deprivation of glucose in a 
cell, what biological processes differentiate a healthy control 
from a diseased case). The interpretation of genome-scale data 
is usually performed in two steps: In a first step genes of inter-
est are selected (because they co-express in a cluster or they are 
significantly over- or under-expressed when two classes of experi-
ments are compared), usually ignoring the fact that these genes 
are acting cooperatively in the cell and consequently their behav-
iors must be coupled to some extent (see Note 1). In this selec-
tion, stringent thresholds to reduce the false-positives ratio in the 
results are usually imposed. In a second step, the selected genes 
of interest are compared with the background (typically the rest 
of genes) in order to find enrichment in any functional term. This 
comparison to the background is required because otherwise the 
significance of a proportion (even if high) cannot be determined. 
The procedure is illustrated in Fig. 12.1 for the interpretation of 
either co-expressing genes found by clustering (see Fig. 12.1A) or 
genes selected by differential expressing among two pre-defined 
classes of experiments (see Fig. 12.1B).

This comparison is made by means of the application of tests 
such as the hypergeometric, χ2, binomial, Fisher’s exact test, 
and others. There are several available tools, reviewed in (18). 
Among these methods, the most popular ones (more cited in the 
literature) are Onto-express (15) (http://vortex.cs.wayne.edu/
ontoexpress/) and FatiGO (16) (http://www.fatigo.org). These 
tools use various biological terms with functional meaning such 
as GO (10), KEGG pathways (11), etc.

Although this procedure is the natural choice for analyzing 
clusters of genes, its application to the interpretation of differen-
tial gene expression experiments causes an enormous loss of infor-
mation because a large number of false-negatives are obtained in 

2. Methods2. Methods

2.1. Threshold-Based 
Functional Analysis
2.1. Threshold-Based 
Functional Analysis
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order to preserve a low ratio of false-positives (and the noisier the 
data the worse is this effect).

From a systems biology perspective, this way of understanding 
the molecular basis of a genome-scale experiment is far from effi-
cient. Methods inspired by systems biology focus on collective 
properties of genes. Functionally related genes need to carry out 
their roles simultaneously in the cell and, consequently, they are 
expected to display a coordinated expression. Actually, it is a long 
recognized fact that genes with similar overall expression often 
share similar functions (4, 37, 38). This observation is consist-
ent with the hypothesis of modularly behaving gene programs, 
where sets of genes are activated in a coordinated way to carry 
out functions. Under this scenario, a different class of hypoth-
eses, not based on genes but on blocks of functionally related 
genes, can be tested. Thus, lists of genes ranked by any biological 
criteria (e.g., differential expression when comparing cases and 
healthy controls) can be used to directly search for the distribu-
tion of blocks of functionally related genes across the list without 
imposing any arbitrary threshold. Any macroscopic observation 
that causes this ranked list of genes will be the consequence of 
cooperative action of genes that are part of functional classes, 

2.2. Threshold-Free 
Functional Analysis
2.2. Threshold-Free 
Functional Analysis

Fig. 12.1. Two-step procedure for the functional annotation of distinct microarray experiments. A. The unsupervised 
approach: functional interpretation of clusters of co-expressing genes. A cluster of genes is selected for functional analy-
sis and the genes inside it are checked for significant enrichment of functional terms with respect to the background 
(the rest of genes). B. The supervised approach: functional annotation of genes differentially expressed between two 
classes (C1 and C2). The differentially expressed genes are checked for enrichment of functional terms with respect to 
the background, the genes not showing differential expression between (A) and (B).
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pathways, etc. Consequently, each functional class “responsible” 
for the macroscopic observation will be found in the extremes 
of the ranking with highest probability. The previous imposition 
of a threshold based on the rank values that does not take into 
account the cooperation among genes is thus avoided under this 
perspective. Fig. 12.2 illustrates this concept. Genes are arranged 
by differential expression between the classes C1 and C2. On 
the right part of the figure, labels for two different functional 
classes have been placed at the positions in the list where genes 
playing the corresponding roles are situated. Function A is com-
pletely unrelated to the experiment because it appears simultane-
ously over-expressed in class C1 and C2 and also in intermediate 
positions. Conversely, function B is predominantly performed 
by genes with high expression in class C2, but scarcely appears 
in C1. This observation clearly points to function B as one of 
the molecular bases of the macroscopic observation made in the 
experiment. Instead of trying to select genes with extreme values 

Fig. 12.2. Threshold-free procedure for the functional annotation of class comparison 
experiments. A. Functional label unrelated to the experiment from which the rank of 
genes was obtained. B. Functional label related to the experiment. C. Schematic rep-
resentation of two partitions of the segmentation test. In the first partition, 35% of the 
genes in the upper segment are annotated with the term (C), whereas 50% of the genes 
in the lower segment are annotated with this term. This difference in percentages is not 
statistically significant. In the second partition, the 75% of the genes in the lower seg-
ment are annotated as (C), whereas only 20% are annotated as (C) in the upper parti-
tion. These differences in the proportions are high enough to be considered significant 
after the application of a Fisher’s exact test.
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of differential expression, systems biology-inspired methods will 
directly search for blocks of functionally related genes signifi-
cantly cumulated in the extremes of a ranked list of genes.

Other methods that have been proposed for this purpose, 
such as the GSEA (21, 22) or the SAFE (39) method, use a non-
parametrical version of a Kolmogorov-Smirnov test. Other strate-
gies are also possible, such as direct analysis of functional terms 
weighted with experimental data (28), Bayesian methods (29), 
or model-based methods (26). Conceptually simpler and quicker 
methods with similar accuracy have also been proposed, such as 
the parametrical counterpart of the GSEA, the PAGE (30) or the 
segmentation test, Fatiscan (24), which is discussed in the next 
section.

A simple way of studying the asymmetrical distributions of blocks 
of genes across a list of them is to check if, in consecutive partitions, 
one of the parts is significantly enriched in any term with respect to 
the complementary part. Fig. 12.2C illustrates this concept with 
the representation of ordered genes in which gray circles represent 
those genes annotated with a particular biological term and open 
circles represent genes with any other annotation. In the first parti-
tion, 35% of the genes in the upper segment are annotated with 
the term of interest, whereas 50% of the genes in the lower seg-
ment are annotated with this term. This difference in percentages 
is not statistically significant. However, in the second partition, the 
differences in the proportions are high enough to be considered 
significant (75% vs. 20%): The vast majority of the genes with the 
annotation are on the lower part of the partition.

The segmentation test used for threshold-free functional 
interpretation consists of the sequential application of the FatiGO 
(16) test to different partitions of an ordered list of genes. The 
FatiGO test uses a Fisher’s exact test over a contingency table for 
finding significantly over- or under-represented biological terms 
when comparing the upper side with the lower side of the list, 
as defined by any partition. Previous results show that a number 
between 20 and 50 partitions often gives optimal results in terms 
of sensitivity and results recovered (24). Given that multiple terms 
(T) are tested in a predefined number of partitions (P), the unad-
justed p-values for a total of T × P tests must be corrected. The 
widely accepted FDR (40) can be used for this purpose. Never-
theless, carrying out a total of T × P tests would correspond to 
the most conservative scenario, in a situation in which no a priori 
functional knowledge of the system is available. Usually many 
terms can initially be discarded from the analysis due to prior 
information or just by common sense.

The FatiScan test has two fundamental advantages when 
compared to alternative methods based on Kolmogorov-Smirnov 
or related tests. On one hand, this method does not require an 

2.3. FatiScan: 
A Segmentation Test
2.3. FatiScan: 
A Segmentation Test
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extreme non-uniform distribution of genes. It is able to find dif-
ferent types of asymmetries in the distribution of groups of genes 
across the list of data. On the other hand, and more importantly, 
this method does not depend on the original data from which 
the ranking of the list was derived. The significance of the test 
depends only on the ranking of the genes in the list and the strat-
egy used for performing the partitions. This means that, in addi-
tion to DNA microarray data, this method can be applied to any 
type of genome-scale data in which a value can be obtained for 
each gene. FatiScan is available within the Babelomics package 
(32, 33) for functional interpretation of genome-scale experiments 
(http://www.babelomics.org).

We have used data from a study of gene expression in human 
diabetes (21) in which a comparison between two classes (17 
controls with normal tolerance to glucose versus 26 cases com-
posed of 8 with impaired tolerance and 18 with type 2 diabetes 
mellitus, DM2) did not detect even a single gene differentially 
expressed. We ordered the genes according to their differential 
expression between cases and controls. A t-test, as implemented 
in the T-Rex tool from the GEPAS package (41–43) was used for 
this purpose (see Note 2). The value of the statistic was used as 
the ranking criteria for ordering the list. As in the original analy-
sis (21), we were unable to find individual genes with a signifi-
cant differential expression (differentially expressed genes with an 
adjusted p-value < 0.05).

A total of 50 partitions of the ranked list were analyzed with 
the FatiScan algorithm for over- or under-expression of KEGG 
pathways and GO terms. The following KEGG pathways were 
found to be significantly over-expressed in healthy controls vs. 
cases: oxidative phosphorylation, ATP synthesis, and Ribosome. 
Contrarily, Insulin signalling pathway was up-regulated in dis-
eased cases. When GO terms were analyzed, we found as signifi-
cantly up-regulated in healthy controls: oxidative phosphorylation 
(GO:0006119), nucleotide biosynthesis (GO:0009165) (biologi-
cal process ontology), NADH dehydrogenase (ubiquinone) activ-
ity (GO:0008137), nuclease activity (GO:0004518) (molecular 
function ontology), and mitochondrion (GO:0005739) (cellular 
component ontology). Some of the terms were redundant with 
the KEGG pathways, although here we have also the ubiquinone 
class, which does not appear in KEGG. Since FatiScan implements 
more functional terms, we also analyzed Swissprot keywords and 
found Ubiquinone, Ribosomal protein, Ribonucleoprotein, Mito-
chondrion, and Transit peptide as over-expressed in healthy con-
trols vs. cases. Other alternative methods give similar results. 
Oxidative phosphorylation and mitochondrion are found by GSEA 
(21), PAGE (30), and other statistics (27). Nucleotide biosynthesis 
can be assimilated to other datasets found by these three methods 

2.4. Differential Gene 
Expression in Human 
Diabetes Samples

2.4. Differential Gene 
Expression in Human 
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(21, 27, 30) based on a set of functional categories developed by 
(22). The rest of the terms were only found by FatiScan.

If, for example, the distribution of the GO term oxidative phos-
phorylation is compared to the background distribution of GO 
terms (Fig. 12.3) a clear trend to the over-expression of the com-
plete pathway with high values of the t-statistic, corresponding to 
genes over-expressed in healthy controls, can be clearly observed.

 1. Despite the fact that microarray technologies allow data on 
the behavior of all the genes of complete genomes to be 
obtained, hypotheses are still tested as if the problem con-
sisted of thousands of independent observations. The tests 
applied involve only single genes and ignore all the available 
knowledge cumulated in recent years on their cooperative 
behavior, which is stored in several repositories (GO, KEGG, 
protein interaction databases, etc.). Since this process involves 
carrying out a large number of tests, severe corrections must 
be imposed to reduce the number of false-positives. Later, 
the genes selected using these procedures were functionally 

4. Notes4. Notes

Fig. 12.3. Comparison between the background distribution of GO terms (light gray bars) and the distribution of oxi-
dative phosphorylation GO term (dark gray and black bars). The last distribution is clearly shifted towards high-
est values of the t statistic (horizontal axis), corresponding to high expression in healthy controls. The transition of colors 
black to gray makes reference to the values of the t-statistic for which the partitions were found to be significant.
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analyzed in a second step. Much information is lost in both 
steps during this process. Recently, however, methods have 
been proposed that take into account the properties of the 
genes and address different biological questions not in a 
gene-centric manner, but in a function-centric manner for 
class comparison (21, 22, 24–27, 29, 30), class assignation 
(44) and class discovery (34–36).

   A systems biology approach to the analysis of microar-
ray data will in the future tend to use more information on 
the cooperative properties of the genes beyond their sim-
ple functional description. Thus it is expected that a deeper 
knowledge of the interactome or the transcriptional network 
of the genomes will contribute to more realistic biologi-
cal questions being addressed by microarray experiments, 
resulting in more complete and accurate answers.

 2. Given the number of steps necessary for the proper analy-
sis of a microarray experiment (normalization, the analysis 
itself, and the functional interpretation), integrated pack-
ages are preferable in order to avoid problems derived from 
the change of formats. Among the most complete pack-
ages available on the web is GEPAS (32, 41–43) that offers 
various options for normalization, supervised and unsuper-
vised analysis (http://www.gepas.org) and is coupled to the 
Babelomics suite (32, 33) for functional interpretation of 
genome-scale experiments (http://www.babelomics.org), in 
which various tests for two-steps of threshold-free functional 
interpretation are implemented.

This work is supported by grants from MEC BIO2005-01078, 
NRC Canada-SEPOCT Spain, and Fundación Genoma España.
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