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Chapter 19

Functional profiling methods in cancer

Joaquín Dopazo

Summary 

The introduction of new high-throughput methodologies such as DNA microarrays constitutes a major 
breakthrough in cancer research. The unprecedented amount of data produced by such technologies has 
opened new avenues for interrogating living systems although, at the same time, it has demanded of the 
development of new data analytical methods as well as new strategies for testing hypotheses. A history 
of early successful applications in cancer boosted the use of microarrays and fostered further applications 
in other fields.

Keeping the pace with these technologies, bioinformatics offers new solutions for data analysis and, 
what is more important, permits the formulation of a new class of hypotheses inspired in systems biol-
ogy, more oriented to pathways or, in general, to modules of functionally related genes. Although these 
analytical methodologies are new, some options are already available and are discussed in this chapter.

Key words: Functional profiling, Functional enrichment, Gene-set analysis, Pathway, Gene ontology, 
Systems biology, Microarray

Among the battery of high-throughput methodologies that are 
revolutionizing cancer research, DNA microarrays can be con-
sidered the standard due to their popularity and characteristics. 
Although many different questions can be addressed though 
microarray experiments, there are usually three types of objec-
tive in this context: “class comparison,” “class prediction,” and 
“class discovery” (1, 2). The first two objectives usually involve 
the application of tests to define differentially expressed genes, 
or the use of different procedures to predict class membership 
on the basis of the values observed for a number of “key” genes. 
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Clustering methods belong to the last category, also known as 
unsupervised analysis, because no previous information about the 
class structure of the data set is used in the study.

When strategies for microarray data analysis are considered 
from a historical perspective, an initial period can be distinguished 
in which almost all publications were related to reproducibility 
and sensitivity issues. Many classic microarray papers dating from 
the late 1990s were mainly proof-of-principle experiments (3, 4). 
Consequently, the methodological approaches used for analysis 
were mainly related to clustering and, in general, unsupervised 
approaches. This has caused a subsequent confusion with respect to 
the choice of the appropriate methodology for a proper data analy-
sis, as noted by some authors (5). Later, sensitivity became a main 
concern as a natural reaction against very liberal interpretations of 
microarray experiments, such as the fold criteria, to select differ-
entially expressed genes. It was soon obvious that genome-scale 
experiments should be carefully analyzed because many apparent 
associations happened merely by chance (6). In this scenario, meth-
ods for the adjustment of p-values, which are considered standard 
today, started to be extensively used (7, 8). The increasingly use of 
microarrays as predictors of clinical outcomes (9), despite not being 
free of criticisms (5), fueled the use of the methodology because of 
its practical implications. Comparative studies show that, although 
intra-platform reproducibility seems to be high, cross-platform and 
cross-laboratory coherence is still an issue (10). Another aspect that 
soon became of major importance was the interpretation of microar-
ray experiments in terms of their biological implications, rather than 
restricting them to a mere comparison of lists of gene identifiers 
(11, 12). Thus, a number of methods that essentially search for the 
overrepresentation of functional modules within groups of genes 
previously defined in the experiment were developed. Examples of 
repositories widely used to define gene modules are Gene Ontology 
(GO) (13), KEGG pathways (14), or Biocarta (http://www.
biocarta.com). Programs such as GOMiner (15), FatiGO (16), etc., 
can be considered representatives of a family of methods that use 
these gene module functional definitions to conjecture about 
the interpretation of the results of microarray experiments (17).

The difficulties for defining repeatable lists of genes of interest 
across laboratories and platforms even using common experimental 
and statistical methods (18) has led several groups to propose dif-
ferent approaches that aim to select genes taking into account their 
functional properties. The Gene Set Enrichment Analysis (GSEA) 
(19, 20) has pioneered a family of methods devised not to find indi-
vidual genes but to search for groups of functionally related genes 
with a coordinate (although not necessarily high) overexpression or 
underexpression across a list of genes ranked by differential expres-
sion between two classes, compared in microarray experiments. 
Different tests have recently been proposed for microarray data, 
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with this aim in mind (12, 21–25) and also for expressed sequence 
tags (ESTs) (26), and some of them are available on web servers 
(12, 27). In particular, the FatiScan procedure (12, 27) can deal 
with ordered lists of genes independently from the type of data that 
originated them. This interesting property allows for its application 
to a broad range of experimental designs (case–control, multiclass, 
survival, etc.) as well as to other type of high-throughput data apart 
from microarrays.

Thus, in addition to the conventional study of individual 
genes and proteins, genome-wide approaches based on high-
throughput methodologies have helped to uncover fundamen-
tal principles of tumorigenesis, and increasing evidence points 
to cooperative, systems-level events as important factors to 
understand the mechanisms by which cancer gene products 
coordinately promote cellular transformation (28, 29). Moreo-
ver, modern trends in the pharmaceutical industry also point 
toward the use of functional genomics and systems biology-
oriented studies (30, 31) as fundamental steps of the drug 
discovery pipeline.

Any functional analysis relies on the definition of gene modules 
related by biological properties of interest. Probably the most 
widely used source of definition of functional modules is the 
Gene Ontology (GO) catalog (13). GO represents the biological 
knowledge as a tree (more precisely as a directed acyclic graph 
[DAG], in which a node can have more than one parent) where 
functional terms near the root of the tree make reference to more 
general concepts while deeper functional terms near the leaves 
of the tree make reference to more specific concepts. If a gene 
is annotated to a given level then it is automatically considered 
to be annotated at all of the upper levels (all of the parent levels) 
up to the root. Because genes are annotated at different levels of 
the GO hierarchy, it is common to use this abstraction to choose 
a predefined level in the hierarchy instead of using directly the 
original levels of annotation of the genes (11, 32), which increases 
the power of the enrichment tests (11, 12, 33, 34).

The KEGG pathways database (14) or the Biocarta pathways 
(http://www.biocarta.com) are two extensively used sources 
of functional information. There are also databases that contain 
functional motifs mapped to proteins, such as the Interpro data-
base (35) and many others.

In addition, other types of modules, such as transcriptional ones, 
can be defined as groups of genes under the same regulatory control. 

2. Materials

2.1. Definition of Gene 
Modules: Sources  
of Information
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Databases that collect regulatory motifs are available. Among the 
most popular are CisRed (36) and Transfac, which contains pre-
dictions of transcription factor binding sites (37). In addition, 
negative regulation mediated by microRNAs has recently gained 
relevance. The miRBase (38) contains putative gene targets of 
such microRNAs. Genes sharing one or more of these regulatory 
motifs can be considered a putative regulatory module.

Other ways of defining modules of different nature include 
the use of information obtained using text-mining procedures 
(39), chromosomal location (40, 41), protein–protein interac-
tions, etc.

Beyond other technical or statistical considerations, the approxi-
mate level of acceptance of different gene-set analysis (GSA) 
methods among the scientific community is reported in Tables  1 
and 2. Table  1 presents an exhaustive list of bioinformatics tools 
available for functional profiling that implement tests for func-
tional enrichment. Here the number of Scholar Google citations 
has been used as an approximate popularity index, given that it 
is reflecting the number of academic documents (mostly papers) 
citing a particular paper. Following this criterion, the most popu-
lar tools having more than 200 citations are EASE (42), DAVID 
(43), GOMiner (15), Babelomics/FatiGO (12, 16, 34), MAPP-
Finder (44), GOStats (45), and Ontotools (46). In the case of 
GSA methods, Table 2 shows that more than the 75% of the 
Scholar Google citations are monopolized by two tools: GSEA 
and Babelomics.

In the conventional approach for the functional annotation of 
microarray experiments, known as functional enrichment analy-
sis, the functional interpretation of the data is performed in two 
steps: in a first step, genes of interest are selected using different 
procedures. In a subsequent step, the selected genes of interest 
are compared with a background (usually the rest of the genes) 
to find enrichment in any gene module. This comparison with the 
background is essential because an apparently high proportion of 
a given functional module could easily be nothing but a reflec-
tion of a high proportion of this particular module in the whole 
genome but not a proper enrichment. Actually, both enrichments 
and depletions of gene modules are potentially of interest. Therefore, 
unless there is a specific reason not to consider enrichment or 
depletion, two-sided tests are appropriate (47). This comparison 
between the selected genes and the background can be carried out 

�2.2. Bioinformatics 
Tools

3. Methods

3.1. Functional  
Enrichment Methods



	 Functional Profiling methods in cancer	 367

BookID 185636_ChapID 19_Proof# 1 - 27/6/2009

Table 1 
Functional enrichment data analysis tools with at least ten Scholar Google citations

Tool Application type or URL for web servers References Citationsa

EASE Windows application (42) 603

DAVID http://www.DAVID.niaid.nih.gov (43) 504

GOMiner http://discover.nci.nih.gov/gominer/ (15, 55) 408

Babelomics http://www.babelomics.org (12, 16, 34, 50, 56) 402

MAPPFinder http://www.GenMAPP.org (44) 379

FatiGO http://www.fatigo.org (16) 341

GOStat http://gostat.wehi.edu.au/ (45) 249

Ontotools http://vortex.cs.wayne.edu/ 
ontoexpress/

(32, 46, 57–59) 223

GOTM http://genereg.ornl.gov/gotm/ (60) 164

GO::TermFinder Perl script (61) 152

FunSpec http://funspec.med.utoronto.ca (62) 100

GeneMerge http://www.oeb.harvard.edu/hartl/
lab/publications/GeneMerge.html

(63)   96

FuncAssociate http://llama.med.harvard.edu/ 
Software.html

(64)   91

BINGO Cytoscape plugin (65)   75

GOToolBox http://gin.univ-mrs.fr/GOToolBox (66)   74

GFINDer http://www.medinfopoli.polimi.it/
GFINDer/

(67, 68)   49

WebGestalt http://bioinfo.vanderbilt.edu/webge-
stalt/

(69)   46

GOSurfer R package (70)   45

CLENCH Perl script (71)   26

Pathway Explorer https://pathwayexplorer.genome.
tugraz.at/

(72)   25

Ontology Traverser R package (73)   24

THEA Java standalone (74)   11

WebBayGO http://blasto.iq.usp.br/~tkoide/
BayGO/

(75)   10

GOStat R package (76)   10

aCitations are taken from Scholar Google (by January 2008). Scholar Google is taken as an indirect esti-
mation of the citation in papers but gives an idea on the impact in the scientific community
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by means of the application of different tests, such as the hyperge-
ometric, Fisher’s exact test c2 and binomial, which are considered 
to give similar results (47). Because many tests are conducted to 
check all the gene modules, adjustment for multiple testing, such 
as false discovery rate (FDR) (7) or others, must be used.

The interpretation of a genome-scale experiment using the two-
steps functional enrichment approach is far from being optimal 
given that the thresholds imposed in the first step assuming inde-
pendence preclude the detection of many gene modules. Methods 
directly inspired in systems biology focus on collective properties 

3.2. Gene-Set Analysis 
Methods

Table 2 
Tools available for functional profiling by gene-set analysis with at least ten 
Scholar Google citations

Tool
Application type or URL for 
web servers References Test Citationsa

GSEA http://www.broad.mit.edu/
gsea/

(19, 20) GS, C 1,013

Babelomics (FatiGO + 
FatiScan)

http://www.babelomics.org (12, 16, 34, 50, 
56)

FE/GS, C 402

FuncAssociate http://llama.med.harvard.
edu/Software.html

(64) FE/GS, C   91

Global test R package (22) GS, SC   89

PAGE Python script (25) GS, C   42

ErmineJ Java (77) GS, C   35

FatiScan http://www.babelomics.org (50) GS, C   34

GO-mapper Windows, Perl script (24) GS, C   33

SAFE R package (49) GS, C   27

GOAL http://microarrays.unife.it (78) GS, C   25

Catmap Perl script (79) GS, C   19

PLAGE http://dulci.biostat.duke.
edu/pathways/

(80) GS, SC   18

GODist Mathlab program (81) GS, SC   17

t-Profiler http://www.t-profiler.org/ (82) GS, C   12

Type of test: GS gene set; C Competitive; FE functional enrichment; SC self-contained
aCitations are taken from Scholar Google (by January 2008). Scholar Google is taken as an indirect esti-
mation of the citation in papers but gives an idea on the impact in the scientific community
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of the genes more than on individual gene expression values. 
Modules of genes related by common functionality, regulation, 
or other interesting biological properties will simultaneously ful-
fill their roles in the cell and, consequently, they are expected to 
display a coordinated expression.

In its simplest formulation, the GSA method uses a rank of 
values derived from the experiment analyzed. Mootha et al. (19) 
ranked the genes according to their differential expression when 
two predefined classes (diabetic versus healthy controls) were 
comparing by means of any appropriate statistical test (48). The 
position of the genes (that cooperatively act to define modules) 
within this ranked list is related to its participation in the trait 
studied in the experiment. Consequently, each module that is a 
causative agent of the differences between the classes compared 
will be found in the extremes of the ranked list with highest prob-
ability. Thus, instead of testing differential activities of genes, 
which implicitly assumes independent behavior (an aspect often 
ignored by the researchers applying the test), and later search-
ing for enrichment in gene modules among the selected genes, 
GSA directly tests for gene modules significantly cumulated in 
the extremes of a ranked list of genes. In this way, artificial previ-
ous thresholds, which inadvertently change the meaning of our 
hypothesis testing schema, is avoided.

Different methods have been proposed for this purpose, such 
as the GSEA (19, 20) or the SAFE (49) methods, which use a 
nonparametrical version of a Kolmogorov–Smirnov test. Other 
strategies proposed are the direct analysis of functional terms 
weighted with experimental data (24) or model-based meth-
ods (22). Methods with similar accuracy, although conceptually 
simpler and quicker, have also been proposed, for instance, the 
parametrical counterpart of the GSEA, the PAGE (25), or the 
segmentation test, Fatiscan (50).

Genetic alterations, such as losses (deletions), gains (amplifications), 
or losses of heterozygosity (LOH) of genetic material that affect 
certain regions of the genome, have been shown to be the basis 
of many types of cancer (51). New technologies such as array–
CGH, along with the use of expression arrays, offer for the first 
time the opportunity to accurately characterize the alterations in 
genomic copy number and the dependence of gene expression on 
the alterations (52). Despite the obvious fact that such alterations 
affect a large number of genes, most of the research is still focused 
in finding only one or a few genes responsible for a disease or a 
trait and ignores the chromosomal context (52). In particular, 
the putative impact that the local distribution of functions could 
have in the symptomatology of diseases that harbor copy number 
alterations or, in general, could have in gene regulation and/or 
silencing is largely unexplored. Actually, only a few attempts of 

3.3. Functional  
Profiling in Array–CGH 
Experiments
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analyzing copy number alterations in terms of gains or losses of 
whole or parts of gene teams have been made to date (40, 41). 
Programs such as ISACGH (41) detect copy number alterations 
using conventional algorithms and allow a functional enrichment 
analysis of the regions with detected alterations.

Another field in which a gene set-based approach could be very 
useful is genotyping. Association and linkage studies with chips 
with increasingly density result in a frustrating effect of decreas-
ing the power of the tests, because of the strict corrections that 
must be applied to the tests. Most genetic disorders have a com-
plex inheritance and can be considered the combined result of 
variants in many genes, each contributing only weak effects to 
the disease. Given that, in any disorder, most of the disease genes 
will be involved in only a few different molecular pathways, the 
knowledge of the relationships (functional, regulatory, interac-
tions, etc.) between the genes can help in the assessment of pos-
sible candidates (which may reside in different loci) with a joint 
basis for the disease etiology. The use of different gene module 
definitions (GO, KEGG, protein interactions and coexpression) 
in an integrated network was recently applied to interrelate posi-
tional candidate genes from different disease loci and then to test 
96 heritable disorders in the Online Mendelian Inheritance in 
Man database (53). This gene set-based strategy resulted in a 
2.8-fold increase over random selection.

As research in cancer is increasingly benefited by the introduction of 
high-throughput technologies, new hypotheses, inspired in systems 
biology concepts, can be addressed and checked (54). Bioinformat-
ics has become an essential tool not only as a mere instrument for 
managing the huge amount of data produced by these new tech-
nologies, but to implement a new generation of algorithms and 
concepts that are opening the doors to the understanding of cancer 
as a system (28, 29). Biomedicine is becoming more computational 
and research in cancer is pioneering this transformation.
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3.5. Conclusion
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