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1. Initialization
Set F «— 'initial set of n feature’
Set S «— 'empty set’
Set min.tf initalize
2. Database Preprocessing
oD <— Table(wtD)
oD : object_Recordset_TextData = a set of Tb
Tb : Tag_Black = {Tags, Taguerm}
3. Load Meta Data
vSpec «— meta Data of special character
vWord «— meta Data of stop ward
vFword <— meta Data of feature word
. Language word anyalsis
vW <— ObjectParser(Tb)

vW <« split{(vW)

vW «— remove_stop_word(vW vSpec,vWord,vFword)

Y

o

Index Selection
if tf < min.tf

remove (vWi)
else

Output the set S contating the selected features
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Procedure FP-growth (Tree, a)
{
(1) if Tree contains a single path P then {
(2) for each combination (denoted as B) of the nodes in the path P
(3)  generate pattern LI ¢ with support = minimum support
ofnodesinB }
(4) else for each 9 in the header of Tree {
(5)  generate pattern 5 = a; L1 with support = 9. .support;
(6)  oonstruct ﬂs conditional pattern base and then ﬂs conditional
FP_tree Treeg; ‘
(@) if Treeg = 0 then
®) Call FP-growth( Tteeg, ): }

}
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