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Introduction

Although much work has been done in the linkage mapping of many common disorders with a genetic
component such as diabetes, asthma, obesity and schizophrenia, few of the genes involved have been
identified. These studies have often mapped disease susceptibility to regions of tens of megabases,
potentially containing many hundreds of genes [4]. A method of prioritising such positional
candidates for further study is therefore required. Typically this is done manually, by looking for
genes whose characteristics (function/expression etc) fit with what is already known about the disease.
Computational approaches have been developed to automate this process and produce a smaller list of
candidate genes [1][5]. However, by definition such approaches would not be successful in identifying
novel disease genes that do not fit with prior knowledge of the disease or where little is known about
the underlying aetiology of the disease.

Some studies aiming to identify novel genes predisposing to polygenic/complex diseases assume that
genes contributing to the same/similar disease phenotype may be in the same pathway and/or have
functional similarities [1][2][7]. Genes of potential interest may be selected from a large list of
positional candidates according to similarities such as shared functional annotation, co-expression, or
evidence of protein interaction with genes known to contribute to that disease. However, looking for
potential disease related pathways from long lists of positional candidate genes is likely to lead to
numerous false positives due to the large number of non-disease genes compared to the number of
disease genes. There has been no attempt to systematically combine all the functional annotation
available to search for genes in similar pathways with mapping data in a statistically rigorous method.

Results

We previously developed POCUS (Prioritisation Of Candidate genes Using Statistics) [6] an approach
that does not rely on assumptions about the underlying aetiology of the disease, only that some of the
different genes responsible may share an identifiable common feature. POCUS was based upon a
search for functional annotation, including Gene Ontology (GO) terms and InterPro domains, shared
between genes within different susceptibility regions for the same disease. Each gene within a
susceptibility region is scored according to the features it shares with genes in other regions. The
scores reflect the probability of the observed similarity being seen by chance so the false positive rate
is controlled. Here we present numerous refinements to the algorithm that increase its speed and
further reduce false positives, we also consider a wider range of annotation including multi-platform
co-expression measures. We also show how a user may include prior knowledge of a disease, in the
form of genes known to affect the phenotype under consideration, in POCUS to improve the success
of the method.

We demonstrate that POCUS can successfully identify genes from common pathways using curated
human pathway data from the Reactome database [3]. We also test the technique on 29 polygenic
diseases for which at least three of the genes responsible have been identified and are present in the
Online Mendelian Inheritance in Man (OMIM) database [2].
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Conclusions

We show that for some diseases it is possible to identify known disease genes from a long list of
positional candidates by taking the top scoring genes identified by POCUS. This method was
developed for human disease susceptibilit y regions but could be applied to model organisms where
mapping data is often of higher resolution.
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