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Web Information Extraction Based on Hidden Markov Model

LIU Ya-qging, CHEN Rong

(Institute of Information Science and Technology, Dalian Maritime University, Dalian 116026)

Abstract To solve disorder among information items and lack of information item in the field of information extraction, this paper proposes a
Web information extraction algorithm based on Hidden Markov Model(HMM). It parses a Web document into an extended DOM tree, and maps an

information item to a state with mapping a path in extended DOM tree about an information item to a vocable. An HMM model is obtained by using

induction algorithm. Experiments show that the algorithm has better extraction performance.
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Parserl(current_node){
g="
while(t!=null)
if(t is a kind of d;)
n=new node(); n.type=t;
current_node.children {n};
current_node.text=Parser1(n);
else if(tis a d.)
current_node.text=s; return s;
else
s=stt;

end

t=term_sequence.getNextToken();

// getNextToken() tokensequence
end
}
Parser2 (PrimaryDOMTree){
//PrimaryDOMTree Parserl(current_node)
I DOM ;

for each leafnode in PrimaryDOMTree //leafnode
term_sequence= split(leafnode.text,dom(P) dom(B));
/! P B
for each term in term_sequence
if(term is a kind of T)

n=new node();

leafnode.text term_sequnce

n.type=term_sequence.getPreviousTerm()+
“-’+term_sequence.getNextTerm();
n.text=term;

leafnode.children {n};

end
end
end
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