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Extracting Metadata from Text and Application to KnowWho.
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In this paper, we present our RDF metadata extraction technology from text and its application to KnowWho.
Our metadata extraction consists of two steps. First, Named Entity(NE) extraction extracts entity types, such
as “PERSON”, “ORGANIZATION” and so on. Second, relation extraction extracts words that specify relations
among NEs, such as PERSON’s relation “friend” by syntactic pattern matching. As an application of our metadata

extraction technique, we also show an automated KnowWho DB from news articles.
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ARTIFACT 40.81 50 44.94
DATE 95.66 98.14 96.89
LOCATION 79.32 86.61 82.81
MONEY 100 93.75 96.77
ORGANIZATION | 73.26 82.84 77.76
PERCENT 85.71 94.73 90
PERSON 88.16 89.42 88.79
TIME 96.61 95 95.79
S 82.41 88.04 85.13
% 5: NE iy —v (boosting) @ IREX RETHT ORHE
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