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ABSTRACT Several software tools have been developed for browsing,
Summary: The R package HCGene (Hierarchical Classification of searching, and processing the Gene Ontology (see, e.g.,
Genes) implements methods to process and analyze the Gene Onto- www.geneontology.org for an updated list). In this work we des-
logy and the FunCat taxonomy in order to support the functional cribe HCGene(Hierarchical Classification of Genes), a software
classification of genes. HCGene allows the extraction of subgraphs library performing data pre-processing in tasks of hierarchical gene

and subtrees related to specific biological problems, the labelling of classification. The distinctive features HCGenewith respect to
genes and gene products with multiple and hierarchical functional previous tools are: the integration of data, the processing of multila-
classes, and the association of different types of bio-molecular data bels and graphs, and the addition of a library to process and analyze

to genes for learning to predict their functions. the FunCat taxonomy.

Availability: ~http://homes.dsi.unimi.it/~valenti/SW/hcgene/ We can divide in three main steps the pre-processing of data and
download/hcgene_1.0.tar.gz classes in a gene classification task.

Contact: valentini@dsi.unimi.it 1. Processing of functional classes of gen€enstruction of GO
Supplementary Information: graphs and FunCat trees; extraction of subgraphs related to the pro-
http://homes.dsi.unimi.it/~valenti/SW/hcgene blem under investigation.

2. Labeling gene products with functional classéssociation of
multiple functional classes from the GO or FunCat ontologies to

The capability of assigning functions to unannotated gene product§ene products.
using large-scale bio-molecular data is a key issue in functionaB. Association of gene products to datassociation of the gene
genomics and bioinformatics [Dopazo, 2006]. products to their corresponding biological data.

Ontologies such aGene OntologyfHarris et al., 2004] andun-  The HCGeneR package provides methods and functionalities to
Cat[Ruepp et al., 2004] encode binary relations among functionakupport all of the above steps. Moreover, it allows to analyze the pro-
classes. The graph induced on the class nodes by these relationgjisrties of GO graphs and FunCat trees associated to both human and
a DAG (directed acyclic graph) for the Gene Ontology and a treespecific model organisms (such &scerevisiagMus musculusnd
for FunCat. Annotations for genes and gene products are providedrabidopsis thaliana Methods for computing various statistics on
for both ontologies at different degrees of resolution and reliability,the structure of GO and FunCat and their associated gene products
and typically involve multiple classes. Thus gene function predic-are also included in the library. Note thdCGenedoes not include
tion can be naturally viewed as a hierarchical classification problenany algorithm for hierarchical classification. Its purpose is to rather
with structured labels involving multiple and partial paths [Barut- offer tools that facilitate the use of gene classification algorithms.
cuoglu et al., 2006]. Yet, the majority of computational approaches The functionalities related to the processing of the GO ontology
for the prediction of gene functions disregard the hierarchical struchave been implemented using tBeconductorpackages [Gentle-
ture of gene classes and solve the problem using a “flat” multiclasan et al., 2004], graph, GO, GOstats, and Rgraphviz. The part of
predictor [Brown et al., 2000, Pavlidis et al., 2002]. the library related to FunCat has been built from scratch using the

A full-fledged hierarchical classification approach to gene predic-hierarchical schemes and the functional annotations obtained from
tion calls for a new generation of scalable software tools. Graphshe MIPS website (mips.gsf.de).
with thousands of nodes and edges must be processed in order toHCGenehas been primarily designed for the supervised hierar-
extract subgraphs related to the specific biological process undeical classification of genes/gene products. However, it can also
investigation. Multiple functional classes must be properly associabe used with unsupervised and semi-supervised methods to incor-
ted to genes and gene products, according to the specific hierarcijorate a priori biological knowledge about functional classes of
being considered. Finally, gene products must be associated igenes [Lottaz et al., 2007, Tai and Pan, 2007].
the different data types (e.g., gene expression data, phylogenetic The main functionalities of the software library can be summari-
or protein interaction data) used to infer the function of unknownzed as follows.

genes. e Graph processingconstruction of hierarchical structures based on
graphs and trees. This partincludes methods to analyze the structure
*to whom correspondence should be addressed and the relationships between functional classes (e.g., distribution of
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node and classes with respect to their depth, in and out-degree, cannotations justifies requiring that a negative example for a node
dinality of classes and distribution of leaves at different levels). Ithave a multilabel including at least a sibling of that node. Such
also includes methods to extract biologically meaningful structureslternative strategies will be considered in future implementations.
from GO DAGs and FunCat trees. HCGeneprovides several methods to extract subgraphs from GO

e Multilabel generation extraction of the most specific annotati- or subtrees from FunCat, and to automatically associate correspon-
ons and derivation of the full annotation of genes; building of theding genes and data. Subgraphs can be selected according to the
multilabel for each gene using compact representations; mappindepth of the nodes (in FunCat trees) or to the minimum distance
functions to associate gene names or identifiers (e.g., ORF ID dirom roots (in GO DAGSs). A node can be also selected based on
EntrezGene IDs) to functional classes the number of genes that are associated to it. For example, we
e Data processing This part includes methods to associate genemight be interested in classifying, in the FunCat tree, genes related
names to different types of data, methods to select positive and negte the amino acid metabolism in the yeast while considering only
tive examples for each class according to different strategies (sedasses with more than ten annotated genes. With a few lines of R
below for a discussion of selection strategies), and methods to buildode we can extract the corresponding subtree, as well as the yeast
data related to specific functional classes. genes associated to each FunCat class and the corresponding gene

Moreover, the library provides functions to graphically show the €xPression or phylogenetic data, or any other data supplied by the

results of statistical analyses, and to draw subgraphs of GO andS€r- ] o
FunCat ontologies. Finally, HCGeneprovides methods to analyze the statistical pro-

The mapping of genes to their corresponding classes has been péerties of FunCatand GO ontologies. For example, one can compute
formed according to th&ene Ontology Annotation (GOApnsor- the distribution of th_e number of labels in tIGI_) BIO|OgIC?.| P_ro-
tium [Camon et al., 2006], and according to the MIPS (mipslgsf.de)cessontology e_lssomated to each geneAnthaliang considering
annotations for FunCat. Usually, genes are annotated with the loweSfly genes reliably annotated with TAS (Traceable Author State-
level (that is, most specific) terms of GO and FunCat. These termg€nt) evidence. One can also extract a subgraph rooted at a specific
are associated to nodes in the underlying graph (DAG or tree). THEO node, and select nodes with genes annotated with IGI (Inferred
multilabel associated with a gene is the set of all terms that can bEFOM Genetic Interaction) or IPI (Inferred from Physical Interaction)
associated with it. To obtain this multilabel, we start from the set ofévidence inH. sapiens The structural characteristics of the resul-
initial nodes, corresponding to the most specific terms, and add t§n9 graph and associated genes can then be analyzed (e.g., indegree
them all the nodes that belong to any path from the initial nodes t@nd outdegree node distributions, distribution of the length of the
aroot (in a DAG a root is any node having no parents). This stran-Shortest path from the root, distribution of the cardinality of the
sitive closure” operation is based on the notion of consistency fofunctional classes and multilabels ). _
multilabels: if the multilabel of a gene includes a node, then it must The Supplementary Information available on line offers more
also include all of its ancestors. details about the methods implemented in the software library,

A typical approach to hierarchical gene classification is to assoSeveral examples of application, and a detailed reference manual.
ciate a binary classifier to each node of the graph and then usgon5|der|ng th.at some fu.n.ctlo.nalltlesHCGeneare not just speci-
some global criterion to infer a consistent multilabel from the binaryfic to the functional classification of genes, future developments of
classifications performed at each node. Binary classifiers perforris work will be the adaptation and the extension of the package
better when trained on a mixture of positive and negative exampto oth.er applications characterized by the presence of structured
les (we callexamplea gene, or gene product, together with its domains.
associated multilabel). Thus, one of the issues with this approach
is to determine the set of negative examples each node classifier
should be trained on. However, gene sets annotated with GO anlREFERENCES
FunCat classes almost never include explicit negative examples fof arytcuogiu, R.E. Schapire, and 0.G. Troyanskaya. Hierarchical multi-label
specific nodes. As a consequence, any example whose multilabel prediction of gene functiorBioinformatics 22(7):830-836, 2006.
does not include a given node is a candidate negative example fd#. Brown etal. Knowledge-base analysis of microarray gene expression data by using
training the associated node classifier. In practice, different strate- SuPPOrtvector machine®NAS 97(1):262-267, 2000, - _

ies f lecting negative examples are used in order to carefuIIE' Camon et al. The Gene Ontology Annotation (GOA) databas8ilito Genomics
gies for se g. 9 . p . . Y and ProteomicsNova Science, New York, 2006.
balance the fraction of negative examples used in training. OUS. popazo. Functional interpretation of microarray experimeBMICS 3(10), 2006.

library implements the three following strategies. R. Gentleman et al. Bioconductor: open software development for computational
biology and bioinformaticsGenome Biology5(10), 2004.

1A negative example for a node is any example whose mlJItIIabell/I.A. Harris et al. The Gene Ontology (GO) database and informatics resdluckeic

does not include that node. Acid Res.32:D258-D261, 2004.
2. A negative example for a node is any example whose multilabeb.P. Lewis, T. Jebara, and W.S. Noble. Support vector machine learning from
does not include that node and any of its ancestors. heterogeneous data: an empirical analysis using protein sequence and structure.

. . . Bioinformatics 22(22):2753-2760, 2006.
3.A negative example for a node is any example whose multllabe&_ Lottaz et al. Annotation-based distance measures for patient subgroup discovery in

does not include that node and includes at least one of its parents.  jpical microarray studiesBioinformatics 23(17):2256-2264, 2007
The discussion of these strategies is beyond the scope of this pap@r_Pe_wIidis etal. Learning gene functional classification from multiple dat@omput.
we only recall that most of the works on the functional classification B0 Pages 401-411,2002. . ‘ .

. .y A. Ruepp et al. The FunCat, a functional annotation scheme for systematic classification
of genes adOpt the first and the second strategy [PaVI'd'S etal., 2002, of proteins from whole genomellucleic Acids ResearcB2(18):5539-5545, 2004.
Barutcuoglu et al., 2006, Lewis et al., 2006]. Other strategies couldt. Tai and Pan. W. Incorporating prior knowledge of predictors into penalized classifiers

be equally well motivated. For instance, the presence of incomplete with multiple penalty termsBioinformatics 23(14):1775-1782, 2007.




