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Abstract

As the importance of ontologies for semantically managing and analyzing data has recently been highlighted, the
use of bio-ontologies is also rapidly increasing in Bioinformatics. For example, Gene Ontology(GO), Human
Phenotype Ontology(HPO), and Disease Ontology(DO) can be used to predict associations between diseases and
genes. In this paper, we applied semantic similarity measures to ontologies to construct weighted discase and gene
networks, and performed experiments to predict disease-gene associations from heterogeneous networks incorporating
them. When we evaluated the predictive performance using ROC curves and AUC values, the experimental results
showed higher accuracy on the disease network constructed by HPO than DO. They also showed higher accuracy
when using a heterogeneous network weighted by ontologies than that constructed by MimMiner or PPIs which are

frequently used in previous studies.
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Fig. 2. AUC values from disease-gene association
prediction by changing the density of MimMiner and
HPO-integrated disease networks
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