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Pedepar

In this paper we suggest the logical-linguistic model that
allows extracting required facts from English sentences.
We consider the fact in the form of a triplet: Subject >
Predicate > Object with the Predicate representing
relations and the Object and Subject pointing out two
entities. The logical-linguistic model is based on the use of
the grammatical and semantic features of words in English
sentences. Basic mathematical characteristic of our model
Is logical-algebraic equations of the finite predicates
algebra. The model was successfully implemented in the
system that extracts and identifies some facts from Web-
content of a semi-structured and non-structured English
text.
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