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An Efficient Web Search System using Naive Bayes

Emiko Nishida" Laurence Anthony® George Lashkia®

The WWW contains a huge quantity of information. However, although information can now be
easily obtained, it is important that this matches the interest of the user. The most general means
for obtaining information is using a traditional search engine. However, it is difficult to acquire the
desired information efficiently. In this paper, we propose a novel web search engine that uses a
learning function to enable results to match the user’s intention. Using several existing search
engines, multiple web pages are first searched, and then the user classifies these in terms of
whether or not they are desired results. This data is stored as knowledge for a Naive Bayes
Classifier that subsequently classifies future search results accordingly. To evaluate the system, we
performed various searches using English homonyms, and as a result confirmed the validity of the
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system.
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