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1 Introduction.

Prediction of gene function is an important problem in the post-genome era. Traditionally,
functions of unknown genes are inferred from two types of methods: one using the “guilt-by-
association” principle (e.g. [1]), and the other using features of the gene of interest (e.g. [2]). Both
types of methods have shown certain success in the task. Here we aim to combine the two
principles using one rich probabilistic model.

2 Methods.

To predict whether a gene of interest possesses one particular function, we exploit knowledge of its
other characteristics, the characteristics of its neighbors in an integrated biological network, as well
as the type(s) of interactions or relationships that link them. We model genes and the
interactions/relationships between them as an integrated network. Each node represents a gene or
its protein product, and is associated with a “node vector” encoding characteristics of the
gene/protein.  Such node characteristics can include functional annotation, protein domains,
sequence motifs, etc. Each node pair is assigned an *“edge vector” encoding the
interactions/relationships between the two adjoining nodes. Edge characteristics can include
physical interaction, genetic interaction, sequence homology, transcriptional regulation, expression
correlation, etc. We formulate the question as to estimate, for any given gene and function of
interest, the conditional probability of the gene having that function given the characteristics of all
other nodes and edges.

There have been several previous approaches to predict gene function by integrating multiple
datasets [3-6]. Compared with previous methods, our model benefits from the fact that we do not
assume conditional independence between different gene characteristics given the interactions, nor
do we assume conditional independence between different edge characteristics. The model was
trained using probabilistic decision trees [7], and evaluated using cross-validation.

3 Results.
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We applied our method to 13 functional categories derived from the MIPS database [8]. We used
4950 Pfam [9] protein domains as additional node labels, and three different interaction types —
physical interaction [8], genetic interaction [8], and correlated expression [10]. The results were
compared with a previous study [4]. Predictions were also made for a larger and more specific
collection of Gene Ontology [11] function terms in yeast.
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