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Research on chemistry focused crawler with support vector machine classifier
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Abstract: Crawler is an important component of search engine, which collects Web pages through hyperlink between the pages. In or-
der to enhance the performance of topic-specific search engines, text categorization techniques can be used to direct the crawling of fo-
cused crawlers. Based on Support Vector Machine, a new chemistry focused crawler is proposed in this paper. It can guide the focused
crawler to collect the chemistry Web pages, and ignore the irrelevant information. The experiment results show that the focused crawler
with SVM classifier is more effective to collect chemistry relevant pages, compared to the crawlers based on breadth first and keyword
matching.
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Fig. 1 Flow chart of chemistry focused crawler.
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Fig. 3 Local average precision of web pages crawled

with seed urls of chemistry.
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Fig.4 Whole average precision of weh pages crawled

with seed urls of chemistry.
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Fig. 5 Local average precision of web pages crawled
with seed urls of non-chemistry.
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Fig. 6 Whole average precision of web pages crawled

with seed urls of non-chemistry.
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