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DCé&#Delete Node Classes;
EC¢#Equivalence Classes:
While(EC{i} in Each EC) {
pNode[0]€#All Unique Item in ECli];
while(DC[j] in Each DC) {
while(pNode [k] in Each pNode) {
if (pNodelk} = DCIj])
Split pNode[k1:

}
while(pNode{k] in Each Spiited pNode) {
while(pNode[}] in Each Unsplited pNode)
if (pNode[i} 5 pNode(k])
Delete pNode[k];
}
}
pCluster[] € #pNode[] 49l;
Clear pNodel};
}
Assign(pCluster[]);
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