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Clustering GM L Docun ents by Structure Based on Closed
Frequent Induced Subtrees

Miao Janxin JiGenlin Zhu Y ingwen

(School of Canputer Sciences N anjing NomalUniwersity Nanjing 210097 C hina)

Abstract This paper presents an akorithm MCF_ CLU bHrclustering GML docum ents by stucture Different from other
algorithms it goes on cluistering based on the cbsed frequent nduced subtrees and doesn t need comparing the sm ilar+
ty betwveen trees The closed frequent nduced subtiees of all the GML docum ents are canputed The representative
closed frequent nduced sub tree of every document is obtaned The docun ents which have the sam e representative tree
are regarded as a cluster During the clisterng process notonly the nunber of clusters can be dbtaned autan atically
but the descrptn of the clisters can be achieved By the way the isohted pomts of the documents can be found The
experim ental results show hatM CF_ CLU & effective and that its perfom ance is superir o those of other GM L cliste-
ring akorithm s
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. GML D, 0 m insupp
: GML ;
(1) TDB= PrePwcess(D); / IGML , CML
(2) GeC bsedFrequentSet( TDR, CL, LT, m insupp);
// TDB  musupp Induced CL
LT
(3) PrwocessSubTrees( CL, LT, 0); /1 Induced s
(4) GeRepresenSubtre ( CL, LT, D); /I GML , ,
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Induced CL CL GML LT 6;
: CL LT
(1) for each € CL do
(2) for each 4€ CL and 1/ = ¢ do
(3) {snode= SameNode(t, ); // b 4
(4) if (NodeNum(#)> NoddNum () ) / '
(5) { if ( node/NodeNum (¢,)> 0)
(6) {LT/¢]=1LT[¢JU LT/ ¢ ]; It
(7) Delete( ;) / // 2
(8) }
(9) else
(10) if (snode/NodeNum( 1 ) > 9)
(11) { LT/t ]= LT[ JULT[ 1 ]; /g
(12) Dekte( 1)} // L
(13) )
2.2
Induced s s 3
3 GeRepresentSubtree
: GML D, Induced CL LT;
: GML ;
(1) for each d€E D do
(2) repsent/d]= NULL /1 d
(3) pos= Sorfl'ree(CL); // CL R
/1l pos
(4) for each d€ LT[ pos[ 0]] do //LT[ pos| 0] | CL[O]
(5) repsent/d /= CL[0]; //LT[ pos| 0] ] CL[ 0]
(6) for (i=1 i< CL. sze i+ + ) do /1 Induced CL
(7) for each d€ LT[ pos/i]] and repsent/t]= = NULL do
(8) repsent/d [ = CL[ 1] } /LT[ pos| i] ] s CL[ 1]
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