


Abstract

We present GENECODIS, a web-based tool that integrates different sources of
information to search for annotations that frequently co-occur in a set of genes and
rank them by their statistical significance. The analysis of concurrent annotations
provides significant information for the biological interpretation of high-throughput
experiments and may outperform the results of standard methods for the functional
analysis of gene lists. GENECODIS is publicly available at

http://genecodis.dacya.ucm.es/

Rationale

High-throughput experimental techniques such as DNA microarrays or proteomics are
allowing researchers to study biological systems from a global perspective. In many
cases, the net result of these experiments consists of a large list of genes or proteins,
which are potentially interesting for the analyzed system, for example genes that are
differentially expressed among normal and pathological tissues. A logical further step
in the analysis workflow is to translate such lists of significant genes into functional
descriptors that help researchers in the process of understanding the biological
meaning of their experimental results.

Since Khatri et al. introduced Onto-Express [1], in the last few years several
methods have been proposed in this context aiming at interpreting and extracting
biological knowledge from large lists of genes or proteins. Most of these applications
find biological annotations that are significantly enriched in a list of genes with
respect to a reference set, usually the whole genome or those genes used in a
microarray. Using a specific source of information, for example Gene Ontology (GO)

[2], those tools first find all the GO terms associated with the set of analyzed genes.



The number of appearances of each term is then determined in the input and reference
lists and a statistical test, usually the hypergeometric, Chi-square, bionomial or the
Fisher’s exact test is used to compute p-values which are subsequently adjusted for
multiple testing. The result of this analysis consists of a list of single biological
annotations from a given ontology (e.g. GO terms) with their corresponding p-values.
Those terms with significant p-values are representative of the analyzed list of genes
and can provide information about the underlying biological processes. A good
review of such methods can be found in [3] and [4].

Most of the currently available tools, however, are designed to evaluate single
annotations, which means that they provide a list of annotations with their
corresponding p-values without taking into account the potential relationships among
them. Finding relationships among annotations based on co-occurrence patterns can
extend the understanding of the biological events associated to a given experimental
system. For example, a set of differentially expressed genes may be associated to the
activation of biological processes restricted to certain cellular organelles. Retrieving
such associations provides meaningful and additional information for the
interpretation of the experimental results.

In addition, the analysis of single annotations may show limitations in some cases.
A simple motivating example of such limitations can be explained using a
hypothetical case of GO terms. There are categories such as “signal transduction”
that, although related to concrete aspects of the cell physiology, are associated with
genes involved in disparate biological processes, and therefore they may be annotated
together with other terms such as “cell proliferation” or “apoptosis”. In this scenario,
in a list of genes annotated with “signal transduction” and “cell proliferation”, we may

find that none of these terms are significant because a large number of genes in the



file 1 contains a complete study about execution time and size of the itemsets for
different support values in real datasets. Very extreme scenarios, like extracting all
possible combinations of terms that appear in at least one gene (support value of 1), is
in many cases a computational unfeasible task. For this reason we have provided the
application with a minimum support value of 3, which is a reasonable threshold to

extract significant biological information from gene lists.

Statistical analysis

Once all combinations of annotations that appear in at least x genes have been
extracted, the method counts the occurrence of each set of annotations in the list of
genes and in a reference list. Note that for each set of concurrent annotations its
frequency is calculated as the number of genes that are simultaneously co-annotated
with those terms. By default, GENECODIS uses as a reference set all genes from the
corresponding genome at the NCBI Entrez Gene database [8] but users can upload
their own reference set (e.g. genes in a chip). Then, a statistical test is applied to
identify categories, and their combinations, that are significantly enriched in the list of

genes. Two statistical tests are implemented in GENECODIS, the hypergeometric
distribution and the y” test of independence. For a detailed description of these

methods in the context of the ontological analysis of gene lists see the work of
Draghici et al. [9] and the on-line help of the program.

The p-values can then be adjusted for multiple tests using a simulation-based
correction approach [10, 11] or the false discovery method (FDR) of Benjamini and
Hochberg [12]. For the simulation-based correction, a gene list of the same size of the
input list is generated by randomly selecting genes from those used as reference. The
frequent itemsets are then extracted, as described in the previous section, from this

random list and their corresponding p-values are calculated. This process is repeated






software [19] and therefore it constitutes a good test case for our method. Zhang et al.
using GOTM reported four main groups of GO Biological Process annotations related
to the testis gene cluster: (1) categories related to cell proliferation, cell cycle, mitosis
and meiosis; (2) categories related to testis specific development; (3) categories
related to protein phosphorylation and (4) categories related to glycerolipid
metabolism.

We used our tool to analyze this set of genes using the GO Biological Process
categories and InterPro motifs that appear in at least three genes. The most significant
concurrences are shown in Figure 3. Similar results to those reported by Zhang et al.
[19] were obtained by GENECODIS, except for the case of categories related to
glycerolipid metabolism, which were not extracted because they were only present in
two genes. In addition, GENECODIS was also able to provide new information for
the functional interpretation of this set of genes. For example, the fifth association
revealed that a significant set of genes in the analyzed list were co-annotated with
“protein amino acid phosphorylation” and “cell cycle” GO Biological Process
categories and contained protein kinase motifs. The important aspect of this
observation is the explicit connection among “protein amino acid phosphorylation”
and “cell cycle” categories.

In order to explain the “protein phosphorylation” category in the context of the
phenotypic feature of the gene cluster, Zhang et al. remarked that “spermatozoa
undergo a series of changes before and during egg binding to acquire the ability to
fuse with the oocyte. These priming events are regulated by the activation of
compartmentalized intracellular signaling pathways, which control the

phosphorylation status of sperm proteins”.
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However, results provided by GENECODIS complement this finding and point
out that, in this particular case, the “protein phosphorylation category” is mainly
related to proteins involved in cell cycle. Indeed activation and inhibition of many key
regulators of cell cycle is carried out by phosphorylation/dephosphorylation events.

This finding can be confirmed by examining the genes that were co-annotated
with both categories: CDC2 (Entrez Gene ID: 983), aurora kinase A (Entrez Gene ID:
6790), NEK?2 (Entrez Gene ID: 4751), BUBI (Entrez Gene ID: 699) and BUBIB
(Entrez Gene ID: 701), all of them have been associated to testis tissues and cell
proliferation events in previous studies. For example, the NEK2 gene is
predominantly expressed in spermatocytes and appear to be associated with meiotic
chromosomes in these cells [20], or the gene BUBIB, whose expression in testis
decreased with aging and it can have a potential role in regulating infertility [21].

These two examples illustrate the type of information provided by GENECODIS,
which can be useful in helping researchers to interpret large lists of genes generated

by high-throughput experimental techniques.

Discussion

High-throughput experimental techniques, such as DNA microarrays, have opened
new ways to study biological systems from a global perspective. In many cases, these
techniques generate huge amounts of data in the form of large gene or protein lists
that share a common property, for example genes that are differentially expressed
among pathological and normal tissues. These data can provide a base for the
characterization of unknown genes and at the same time they are also the base for the
understanding of the biological processes associated to the experimental system.

Methods based on the ontological analysis of such lists of genes have proved to be
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very useful tools for the analysis and interpretation of the underlying biological
mechanisms.

However, most of the current applications for functional profiling essentiadly us
the same general approach and generate statistical scores foasimagkions. They
mainly differ on aspects such as the statistical test used, supported ansaat
organisms, gene identifiers that are able to manage or visualization cambiliti
Indeed, a relevant conclusion of a review of such tools recently published by Khatr
and Draghici was related to the fact that it would be more beneficial refutu
applications expand the current approach rather than providing endless variations of
the same idea [3].

GENECODIS was designed to expand the biological enrichment of annotations by
adding the possibility of extracting not only single enriched categorieslsout a
significant combinations of them. To the best of our knowledge there is no other tool
available in the field that integrates information from different source$l@xiale
way for concurrent enrichment studies. A comparison of GENECODIS with related
tools [1, 22-25] and an example with a test data [26] is provided in additional data file
3. We hope this tool helps in complementing available analysis tools for the large

genome research community.
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Figure legends

Figure 1 - Overview of the methodology

Overview of the methodology. A) Annotations from several sources are assigned to
genes in the input list B) The apriori algorithm is applied to find sets of annotations
that frequently co-occur in the input list C) The statistical significance of each
annotation or set of concurrent annotations is calculated based on its frequency in the
input and reference sets. The figure illustrates an example in which a list of yeast
genes is annotated with GO terms for Cellular Component and KEGG pathways. In

the output table only the annotations that co-occur in more than five genes are shown.

Figure 2 - Screenshot depicting results from the analysis of yeast genes
Annotation/s column represents the GO codes of annotations found in the list; # list
and # reference columns represent the number of genes in the input list and reference

list showing a given annotation/s respectively; Genes column represents the set of
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