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Text Mining on the Internet
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Abstract  The booming growth of the Internet has made text mining on it a promising research field in

practice. The paper summarily introduces some aspects about it, which involve some potential applica-

tions ,some techniques used and some present systems.
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MaxNGramSize . {5 & i & KK &
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DocVec : L4 &
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(1)LargeNGramSet =all single words in doc Vec,not in Stop
WordSet and occuring™>=MinNGramQOcc;
(2)for NGramSize=2 to MaxNGramSize do
(©X
(4) CandNGramMap=[];
(5) For(Sym Vec=Doc Vec[l] to Doc Vec[ |Doc Vec|]do
6) |
N NGramQueue nE

(8 For Sym=Sym Vec[l] to Sym Vec[ |Sym Vec|] do
(9 {
10 if (TypeOf(Sym) ==word) {
an if (Sym not in StopWordSet){
if(Sym in LargeNGramSet)
12 if (|NGramQueue | +1==NGramSize) {
(13 if (Concatenated (NgramQueue)in
LargeNGramSet) {
(14) // %17 C7f LargeNGramSet 1 i 3L
(15) NGramQueue. Push(Sym) ;
(16 CandNGramMap[ Concatenated
(NgramQueue) ]+ +;
an NGramQueue. Pop(Q) ;
18) t
a9 else{
(20) NGramQueue. Push(Sym);
2n NGramQueue. Pop();
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(22) H
23 i
Q@ else // |NGramQueue | +1<NGramSize

(25) NGramQueue. Push(Sym);
(26) t //Sym in LargeNGramSet
«@n else NGramQueue={J;

(28) 4 // Sym not in StopWordSet
29 else NGramQueue=[J;

30 i // TypeOf(Sym) = = word

an else NGramQueue=[];

(32) } // for sym

(33) }//for symvec

(34) LargeNGramSet + = { NGram: CandNGramMap
[NGram]>+MinNGramOcc} ;

(35)};

(36) return LargeNGramSet;
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