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Extraction of Information from Web Pages Based on Extended DOM Tree

GU Yunmrhua TIAN Wei
(School of Computer and Software, Nanjing University of Information Science and Technology, Nanjing 210044, China)

Abstract A method of information extraction from Web pages was presented, and it is based on extended DOM tree.
Web pages were firstly transformed to DOM tree, then the DOM tree was extended by adding semantic expression to
node and influence degree was calculated for each node. According to influence degree of nodes, the DOM tree was
pruned,and it can automatically extract the useful relevant content from Web pages. This approach is a universal me-
thod, which does not require to pre-know the structure of the Web page. The results of the information extraction are

used not only for browsing but also for further Web information process, such as internet data mining, topic-based

search engine.
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node. Influence=Init_value(node)
endfor
construct(LEAFS)
for each leafnode€ LEAFS do
i HA L A Influence BINFT sum
leafnode. Influence=sum
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DOMPruner (T)
for each node€ T do
if node. Influence<Ca

delete(node)

endif
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