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Protein-Protein Interaction Extraction Based on the Combination of

Supervised and Semi-Supervised Learning Method
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2. Department of Mechanical and Electronic Engineering Shandong Agricultural Administrators College Ji'nan Shandong 250100 China)

Abstract: An approach based on supervised learning and semi-supervised learning to automatically extract protein—
protein interactions from biomedical literature has been presented. Experimental evaluations show that the method
can achieve the state of art performance with 63.2% F-score on the Almed corpus.

Key words: text mining; information extraction; protein-protein interaction; supervised learning; semi-supervised

learning



